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Processing, mining, and learning complex data refer to an
advanced study area of data mining and knowledge discovery
concerning the development and analysis of approaches for
discovering patterns and learning models from data with a
complex structure (e.g., multirelational data, XML data, text
data, image data, time series, sequences, graphs, streaming
data, and trees) [1–5]. These kinds of data are commonly
encountered in many social, economic, scientific, and engi-
neering applications. Complex data pose new challenges for
current research in data mining and knowledge discovery
as they require new methods for processing, mining, and
learning them. Traditional data analysis methods often
require the data to be represented as vectors [6]. However,
many data objects in real-world applications, such as chemi-
cal compounds in biopharmacy, brain regions in brain health
data, users in business networks, and time-series information
in medical data, contain rich structure information (e.g.,
relationships between data and temporal structures). Such a
simple feature-vector representation inherently loses the
structure information of the objects. In reality, objects may
have complicated characteristics, depending on how the
objects are assessed and characterized. Meanwhile, the
data may come from heterogeneous domains [7], such
as traditional tabular-based data, sequential patterns, graphs,
time-series information, and semistructured data. Novel
data analytics methods are desired to discover meaningful

knowledge in advanced applications from data objects with
complex characteristics. This special issue contributes to
the fundamental research in processing, mining, and
learning complex data, focusing on the analysis of complex
data sources.

1. Spatial Data

With the development of mobile communication technology,
location-based services are booming prosperously. Mean-
while, privacy protection has become the main obstacle for
the further development of services. The paper titled
“Efficient Privacy-Preserving Protocol for k-NN Search over
Encrypted Data in Location-Based Service” proposes an
efficient private circular query protocol with high accuracy
rate and low computation and communication cost. The
Moore curve is adopted to convert two-dimensional spatial
data into one-dimensional sequence and encrypt the points
of interest (POIs) information with the Brakerski-Gentry-
Vaikuntanathan homomorphic encryption scheme for pri-
vacy preserving. The scheme performs the secret circular
shifts of the encrypted POI information to hide the location
of the user without a trusted third party. The proposed
scheme provides high-accuracy query results while maintain-
ing low computation and communication cost.
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2. Web Server Data

The paper titled “Deep Recurrent Model for Server Load and
Performance Prediction in Data Center” proposes to use
deep learning to predict web server performance and work-
load. The model can extract features automatically during
the learning process without any prior knowledge or hand-
generated features for segmentation. Experiments conducted
on real web server data sets show that the model can achieve
a good performance and generalization on predicting the
performance of different kinds of servers. And the result also
shows that the load generated by our model is very similar to
the real one, which can be applied to test data center and
other kinds of servers. Most servers in data center have log
system. As long as the log file recording of the operation of
the users is provided, the method can be used to generate
load for the server and predict server performance under
different load conditions.

3. Image Data

The paper titled “Unsupervised Domain Adaptation Using
Exemplar-SVMs with Adaptation Regularization” has pro-
posed an effective method for domain adaptation problems
with regularization item which reduces the data distribution
mismatch between domains and preserves properties of the
original data. Furthermore, utilizing the method of integrat-
ing classifiers can predict target domain data with high
accuracy. The proposed method mainly aims to predict in
the setting that exists distribution mismatch across domains
or instances and achieves desired results. Experiments con-
ducted on the transfer learning datasets transfer knowledge
from image to image.

Hyperspectral imaging has been proved as an effective
way to explore the useful information behind the land
objects. And it can also be adopted for biologic information
extraction, by which the origin information can be acquired
from the image repeatedly without contamination. The
paper titled “Background Information Self-Learning Based
Hyperspectral Target Detection” proposes a target detection
method based on background self-learning to extract the
biologic information from the hyperspectral images. The
conventional unstructured target detectors are very difficult
to estimate the background statistics accurately neither in a
global nor local way. Considering the spatial spectral infor-
mation, its performance can be further improved by avoiding
the above problem. It is especially designed to extract finger-
print and tumor region from hyperspectral biologic images.
The validity and the superiority of the method have been
demonstrated on detecting the biologic information from
hyperspectral images.

Segmentation of the prostate from magnetic resonance
imaging plays an important role in prostate cancer diagnosis.
However, the lack of clear boundary and significant variation
of prostate shapes and appearances make the automatic
segmentation very challenging. In the past several years,
approaches based on deep learning technology have made
significant progress on prostate segmentation. However,
those approaches mainly paid attention to features and

contexts within each single slice of a 3D volume. As a result,
these kinds of approaches face many difficulties when seg-
menting the base and apex of the prostate due to the limited
slice boundary information. To tackle this problem, the
paper titled “Exploiting Inter-Slice Correlation for MRI Pros-
tate Image Segmentation: From Recursive Neural Networks
Aspect” proposes a deep neural network with bidirectional
convolutional recurrent layers for magnetic resonance imag-
ing of prostate image segmentation. In addition to utilizing
the intraslice contexts and features, the proposed model also
treats prostate slices as a data sequence and utilizes the
interslice contexts to assist segmentation. The proposed
approach achieved significant segmentation improvement
compared to other reported methods.

Early detection of Lobesia botrana is a primary issue
for a proper control of this insect considered as the major
pest in grapevine. The paper titled “A Distributed K-Means
Segmentation Algorithm Applied to Lobesia botrana Recog-
nition” proposes a novel method for L. botrana recognition
using image data mining based on clustering segmentation
with descriptors which consider gray scale values and
gradient in each segment. This system allows a 95 percent
of L. botrana recognition in nonfully controlled lighting,
zoom, and orientation environments. The image capture
application is currently implemented in a mobile applica-
tion, and subsequent segmentation processing is done in
the cloud.

The paper titled “Deep Hierarchical Representation
from Classifying Logo405” introduces a logo classification
mechanism which combines a series of deep representations
obtained by fine-tuning convolutional neural network
architectures and traditional pattern recognition algorithms.
The experiments are carried out on both the Logo-405
dataset and the publicly available FlickrLogos-32 image
datasets. The experimental results demonstrate that the
proposed mechanism outperforms two popular ways used
for logo classification, including the strategies that integrate
hand-crafted features and traditional pattern recognition
algorithms and the models.

The paper titled “Kernel Negative ε Dragging Linear
Regression for Pattern Classification” proposes a kernel
negative ε dragging linear regression method for pattern
classification, which simultaneously integrated the negative
ε dragging technique and the kernel method into linear
regression for robust pattern classification under the condi-
tion that the consistency and compatibility between the test
samples and training samples are poor. The negative ε
dragging technique learns a classifier with a proper margin
from noised and deformable data. Meanwhile, the kernel
approach can make linearly nonseparable samples become
linearly separable. Based on the effect of the negative ε
dragging technique and kernel collaborating, the method
can better perform classification for noised and deformable
data. Comprehensive 24 experiments on image data sets
demonstrate algorithm performance.

Recently, infrared human action recognition has
attracted increasing attention for it has many advantages
over visible light, that is, robust to illumination change and
shadows. However, the infrared action data is limited until
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now, which degrades the performance of infrared action
recognition. Motivated by the idea of transfer learning, an
infrared human action recognition framework using auxil-
iary data from visible light is proposed to solve the problem
of limited infrared action data in the paper titled “Transfer-
able Feature Representation for Visible-to-Infrared Cross-
Dataset Human Action Recognition.” The proposed method
is evaluated on InfAR, which is a publicly available infrared
human action dataset. To build up auxiliary data, we set up
a novel visible light action dataset XD145. Experimental
results show that the proposed method can achieve state-
of-the-art performance compared with several transfer
learning and domain adaptation methods.

4. Social Network Data

Social influence analysis is important for many social
network applications, including recommendation and cyber
security analysis. The influence of community including
multiple users outweighs the individual influence. Existing
models focus on the individual influence analysis, but few
studies estimate the community influence that is ubiquitous
in online social network. A major challenge lies in that
researchers need to take into account many factors, such as
user influence, social trust, and user relationship, to model
community-level influence. The paper titled “Mining
Community-Level Influence in Microblogging Network: A
Case Study on Sina Weibo” aims to assess the community-
level influence effectively and accurately; the problem is
formulated as modeling community influence and constructs
a community-level influence analysis model. Empirical
studies on a real-world dataset from SinaWeibo demonstrate
the superiority of the proposed model.

In the distributed cloud environment, a cloud platform is
often not willing to share its recorded user-service invocation
data with other cloud platforms due to privacy concerns,
which decreases the feasibility of cross-cloud collaborative
service recommendation severely. Besides, the user-service
invocation data recorded by each cloud platform may update
over time, which reduces the recommendation scalability
significantly. In view of these two challenges, a novel
privacy-preserving and scalable service recommendation
approach based on SimHash, that is, SerRecSimHash, is put
forward in the paper titled “Privacy-Preserving and Scalable
Service Recommendation Based on SimHash in A Distrib-
uted Cloud Environment.” A set of experiments are con-
ducted based on a real distributed service quality dataset
WS-DREAM. Experiment results show that SerRecSimHash
outperforms the other up-to-date approaches in terms of
recommendation accuracy and efficiency while guaranteeing
privacy preservation.

5. Time Series/Signal Data

Complex systems is a broad concept that comprises many
disciplines, including engineering systems. Regardless of
their particular behavior, complex systems share similar
behaviors, such as synchronization. The paper titled “Deter-
mining the Coupling Source on a Set of Oscillators from

Experimental Data” presents different techniques for
determining the source of coupling when a set of oscillators
synchronize. It is possible to identify the location and time
variations of the coupling by applying a combination of
analysis techniques, namely, the source of synchronization.
For this purpose, the analysis of experimental data from a
complex mechanical system is presented. The experiment
consisted of placing a 24-bladed rotor under an airflow.
The vibratory motion of the blades was recorded with
accelerometers, and the resulting information was analyzed
with four techniques: correlation coefficients, Kuramoto
parameter, cross-correlation functions, and the recurrence
plot. The measurements clearly show the existence of
frequencies due to the foreground components and the
internal interaction between them due to the background
components (coupling).
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Hyperspectral imaging has been proved as an effective way to explore the useful information behind the land objects. And it can
also be adopted for biologic information extraction, by which the origin information can be acquired from the image repeatedly
without contamination. In this paper we proposed a target detection method based on background self-learning to extract the
biologic information from the hyperspectral images. The conventional unstructured target detectors are very difficult to estimate
the background statistics accurately in either a global or local way. Considering the spatial spectral information, its performance
can be further improved by avoiding the above problem. It is especially designed to extract fingerprint and tumor region from
hyperspectral biologic images. The experimental results show the validity and the superiority of our method on detecting the
biologic information from hyperspectral images.

1. Introduction

Physical direct extraction method is commonly used as
a traditional method to extract the biologic information
attached or to make sure that there is any abnormal char-
acteristic information existing in body surface or a body
region, and it will always cause damage to the information
carrier. Recent works on graph theory and its applications
draw great attentions [1–3]. There is a reliable method [4] to
obtain the information which is capturing an image with the
target characteristic information and processing the image. In
general, the image-based biologic feature extraction method
is mostly a single-band full-color image, which obtains
target region shape [5–9] by calculating the shape of the
image or filtering enhancement of the image. However, there
are obvious defects in the traditional single-band full-color
image. The characteristics of single-band full-color image
will change greatly in the case of existing differences in
the external environment such as the angle of light and
other factors, which increases the difficulty of extraction.
With the advent of imaging spectrometers, we can obtain
hyperspectral images with many bands, continuous spectral

curves, and consistent features [10]. We can obtain more
abundant and stable information by using hyperspectral
technology to image for biological carrier, and it facilitates
the further extraction of biological information. As for
the extraction of some characteristic information on the
biological carrier, it can be done by target detection [11].
In recent years, many object extraction and target detec-
tion methods for hyperspectral images have emerged. The
most common methods are matched filter (MF) method
[12], Constrained Energy Minimization (CEM) method [13],
Adaptive Cosine Consistency Estimator (ACE) method [14],
Spectral Angle Method (SAM) [15], Orthogonal Subspace
Projection (OSP) method [16], and so on. Among these
methods, the MF and SAM methods do not suppress the
background information.The CEM, ACE, and OSP methods
suppress the background information while being affected
by the target information, resulting in that the estimation
of the background information is not accurate enough. In
this paper, we propose a Background Self-Learning Target
Detection(BSLD) algorithm for hyperspectral image, which
makes the target information to be extractedmore prominent
by suppressing the background information accurately.
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2. Information Extraction Methods by
Background Information Self-Learning

Target information extraction is a process of separating the
target area from the nontarget area, that is, the background
information. In order to get the difference between the target
information and the background information, the key is to
calculate the accurate background estimation information,
which directly determines the performance of the infor-
mation extraction algorithm. The method, such as ACE,
based on unstructured background is a common method of
hyperspectral image object extraction. It is assumed that the
not interested region is homogeneous and can be represented
by a multivariate normal distribution, and, by using the
sample data, we could estimate the background covariance
matrix if the background information and a priori target
information are known [17]. Kelly proposed the generalized
likelihood ratio structure detection algorithm which is based
on unstructured background firstly, and we obtain adaptive
cosine consistency evaluation ACE and adaptive matched
filter AMF on this basis [18].Thesemethods are calculated for
the background covariance estimates directly from the entire
image data, but this will cause some error due to the absence
of the object information to be extracted. In recent years,
many local background estimation methods have emerged,
which take into account the spatial information in the data to
improve the accuracy of background information estimation.
One of the common methods is to segment the image and
then select the space closest to the test pixel to estimate the
background of the statistical data [19]. Another common
way is to use a sliding window, by limiting the size of the
window area, and, at the same time, also need to introduce
the “internal window” to exclude information that may not
be background. In this way, not only will the size of the
inside window and outside window affect the effect of the
whole algorithmand the calculation of different sizes, but also
irregular area background statistics is very time-consuming,
affecting the implementation efficiency of the algorithm.

To solve the above problems, according to different
background spectral information to construct different mul-
tiple normal distribution model, this paper will propose
a background self-learning method. The background pixel
is clustered according to the spectral information, and the
background type structure detector is determined based
on the spectral information of the test pixel and the pixel
point associated with its spatial when the information is
extracted.Themethod based on the background self-learning
framework can use all kinds of statistical information flexibly
and suppress the background better and highlight the target
to be extracted. At the same time, it will reduce the com-
putational complexity of the above method. Specifically, the
self-learning of the background information presented in this
paper is divided into the following five steps.

2.1. Estimating the Number of End Elements in the Image. The
end element is also called the basic component unit. The
spectral information of each end element can approximately
represent a class of signals in the image. The minimum error
hyperspectral signal identificationmethod (HySimemethod)

was used to estimate the number of end elements in the image
[20]. The HySime method inputs the original hyperspectral
image named 𝑑 and its autocorrelation matrix:

𝑅𝑑 = 1
𝑛 (𝑑𝑇𝑑) . (1)

The noise is estimated by noise and the noise autocorre-
lation matrix is calculated:

𝑅𝜉 = 1
𝑛
𝑛

∑
𝑖=1

(𝜉𝑖𝑇𝜉𝑖) . (2)

And then calculate the autocorrelation matrix of original
image which removed the noise information:

𝑅𝑥 = 1
𝑛
𝑛

∑
𝑖=1

[(𝑑𝑖 − 𝜉𝑖)𝑇 (𝑑𝑖 − 𝜉𝑖)] . (3)

By the above formula to get the characteristics of the
group named 𝑅𝑥, 𝐸 ≡ [𝑒1, . . . , 𝑒𝑙], we could use the method
to propose the error minimization formula:

(𝑘, 𝜋) = argmin
𝑘,𝜋

{tr (𝑈𝑘⊥𝑅𝑑) + 2tr (𝑈𝑘𝑅𝜉)}

= argmin
𝑘,𝜋

{
{
{
𝑐 +
𝑘

∑
𝑗=1

− 𝑝𝑖𝑗 + 2𝜎𝑖𝑗2
}
}
}

.
(4)

Calculate the subspace dimension of the image, that is,
the estimation of the number 𝑘 of end elements, where the 𝑘
dimensions space is specified:

𝐸𝑘 ≡ [𝑒𝑖1, . . . , 𝑒𝑖𝑘]
𝑈𝑘 = 𝐸𝑘𝑇𝐸𝑘

𝑈𝑘⊥ = 𝐼 − 𝑈𝑘.
(5)

𝑐 is not related to constant; 𝑝𝑖𝑗 and 𝜎𝑖𝑗2 are expressed as

𝑝𝑖𝑗 = 𝑒𝑖𝑗𝑇𝑅𝑑𝑒𝑖𝑗
𝜎𝑖𝑗2 = 𝑒𝑖𝑗𝑇𝑅𝜉𝑒𝑖𝑗 .

(6)

The resulting end number𝑘 is the subsequent parameter
of the𝐾-means method in Step 3.2.

2.2. Background Clustering Fusion. We have to cluster the
image in order to get the statistical information of the back-
ground subspace formed by the same background element.
The number of end elements has been obtained by HySime
method in Step 3.1, and the background information is
clustered by introducing𝐾-meansmethod as cluster number.
Assume that we have 𝑛 data points which need to be clustered
into 𝑘 classes, and, in this paper, K-means is not described in
detail:

𝐽 =
𝑛

∑
𝑖=1

𝑘

∑
𝑗=1

(𝑟𝑖𝑗 𝑑𝑎𝑡𝑎𝑖 − 𝜇𝑗
2) . (7)
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The value of 𝑟𝑖𝑗 is 1 when 𝑑𝑎𝑡𝑎𝑖 are clustered; otherwise, it
is 0. In this paper,𝐾-means detailed solution is not toomuch;
as for the specific implementation method, they could been
seen in [21].

After obtaining the clustering information, the spectral
information of the cluster center is regarded as the vector,
the spectral angle 𝜃𝑖𝑗 among clusters is calculated, and the
spectral angle merge is calculated if 𝜃𝑖𝑗 < 𝑇1 is true. For the
center of two clusters which are 𝑐𝑖, 𝑐𝑗, the spectral angle can
be calculated by the following formula:

𝜃𝑖𝑗 = arc cos
𝑐𝑖 ∙ 𝑐𝑗𝑇

𝑐𝑖 ×
𝑐𝑗


. (8)

In order to avoid generating morbid matrices during the
process of calculating the covariance matrix, we merge the
classes with few pixels into the nearest class at the same time.
In this experiment, the number of images’ bands has to be
no more than the number of each cluster’s pixels. After the
above adjustment, we can get the clustering information we
need and calculate the covariance matrix of each cluster on
this basis.

2.3. Excluding Target Classes. To avoid the nonbackground
information (target information) being clustered into the
background class collection, we find the closest class to the
previous information spectral feature and compare the cluster
center with the spectral angle 𝜃2 of the previous information
by formula (8). If 𝜃2 < 𝑇2, then it is determined as the
target information class, and we need to abandon the class;
otherwise, there is no similar class to the prior information.
Skip this step.

2.4. The Choice of the Best Background Class. Before extract-
ing the target information, we should determine a back-
ground class for each pixel firstly. And the statistics of the
background classwill be used in the process of the subsequent
target information extraction calculation.There are two ways
to determine the background class for each pixel, as is shown
in Figure 1. One is a method of selecting a background class
based on a previous information, which selects the category
of the cluster center that is closest to the prior spectral infor-
mation as background estimation. When we determine the
appropriate background class for the test pixel, if the dark red
clustering center is closest to the orange prior information,
then the background class is chosen to calculate the covari-
ance matrix, so that it can suppress alarm pixels better which
are too similar to previous information to distinguish with it.

The other method is to select the background class based
on the test pixels, which chooses the class closest to clustering
center of the test pixel spectral information as background
estimation. In Figure 1, the green test pixel is closest to
the blue clustering center, so we decided to use the blue
background class to calculate the background information of
the test pixel. For different locations of the pixel, with different
background statistics, the latter is more feasible than the
former. Through the above steps, we can get the background
pixel set and obtain the background statistical covariance Σ.

Prior information
Test pixels
�e first class background cluster center
�e second class background cluster center
�e third class background cluster center
Select a class based on a priori information
Select the class based on the test information

Figure 1: Illustration determined background class.
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Figure 2: Sliding window weight, 𝑠𝑖𝑧𝑒 = 2.

2.5. Target Information Extraction. In order to describe the
pixel information more accurately, we also need make use of
the spatial information of the pixel spectrum in the image.
Here, we introduce the concept of sliding window, that is,
selecting the current pixel as the center, delineating a square
area, and all the pixels’ information in the region determines
the current pixel background class together, just as is shown
in Figure 2.We should use the reasonable spatial information
to avoid the spectral fluctuations caused by the pixel and
unknown information and abnormal mixed information, so
we could have a more realistic description of the real pixel
spectral information test. Conventional calculationmethod is
time-consuming, so this paper takes themethod that averages
all the pixels on the window, the window size can be adjusted
according to the actual situation, the value of size often uses 1,
2, 3, and so on, and each pixel of the window has an assigned
value:

𝑤𝑖𝑗 = 1
√(𝑥 − 𝑖)2 + (𝑦 − 𝑗)2

. (9)
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(𝑥, 𝑦) indicates the center location of the window, 𝑖 ∈ [𝑥 −
𝑠𝑖𝑧𝑒, 𝑥 + 𝑠𝑖𝑧𝑒], 𝑖 ̸= 𝑥; 𝑗 ∈ [𝑦 − 𝑠𝑖𝑧𝑒, 𝑦 + 𝑠𝑖𝑧𝑒], 𝑗 ̸= 𝑦.

Input threshold 𝑇1, 𝑇2 and obtain the size of window
and the weight of window center element, using the method
proposed in this paper to complete the target information
extraction process shown in Figure 3.

Weighted average of pixels within the window is as
follows:

𝑤𝑑𝑖𝑗 =
∑𝑥+𝑠𝑖𝑧𝑒𝑖=𝑥−𝑠𝑖𝑧𝑒∑𝑦+𝑠𝑖𝑧𝑒𝑗=𝑦−𝑠𝑖𝑧𝑒 𝑤𝑖𝑗𝑑𝑖𝑗
∑𝑥+𝑠𝑖𝑧𝑒𝑖=𝑥−𝑠𝑖𝑧𝑒∑𝑦+𝑠𝑖𝑧𝑒𝑗=𝑦−𝑠𝑖𝑧𝑒 𝑤𝑖𝑗

. (10)

After obtaining the spectral information of the test pixel
with spatial information, the generalized likelihood ratio
method can be used to express the algorithm:

𝐷BSL (𝑥) =
(𝑡𝑇Σ−1𝑥)2

(𝑡𝑇Σ−1𝑡) (𝑥𝑇Σ−1𝑥) .
(11)

𝑥 is the spectral pixel of the test pixel. The weighted
average result 𝑥 in (10) is taken into (11), which is the
background spectral information, which is the background
class covariance Σ determined by the test pixels. Each pixel
is calculated from the above formula, and the resulting value
is determined by threshold division as the target information
we need to extract.

Assume that the original hyperspectral image data is data.

3. Experiment and Analysis

To verify the feasibility and effectiveness of the method
described in this paper, two sets of hyperspectral biological
images were used in this paper. We compare the BSLD
method with the adaptive cosine coincidence (ACE), the
constrained energy minimization method (CEM), and the
matched filter.

3.1. Indicators of Evaluation Performance. In this paper, ROC
(Receiver Operating Characteristic) curve is used to evaluate
the performance of the algorithm. The ROC curve is a
curve that calculates the correct extraction rate and the false
alarm rate corresponding to the point of the unit coordinate
system. In Section 2.5, we obtain a decision value for each
pixel by the extraction decision algorithm.Through changing
thresholds, the correct extraction rate and false alarm rate
of the algorithm are obtained. The higher the threshold, the
lower the correct extraction rate and the false alarm rate. We
hope to obtain a higher correct extraction rate in the case
of low false alarm rate. In theory, that is, the more curve
to the upper left corner of the protrusion, the better the
performance of the algorithm. Another comparison method
is to compare the area under the curve (AUC) (area under
the curve of ROC); when the value of AUC is larger, the
performance of the algorithm is better [22].

3.2. Experiment of Fingerprint Information Extraction. The
fingerprint information extraction experiment data is an
envelope local hyperspectral image with a band number of 31
and a size of 640 ∗ 512. As is shown in Figure 4, the gray-scale

Use the HySime method to find 
the number of generators

K-means background clustering 
information

formula (8)

Calculate the weighted 
mean

formulas (9), (10) 

No

Determine the target 
information class

Modify background 
clustering information

Yes

For each pixel
best background class

Information extraction
formula (11)

Output data:
Information extraction 

results
ROC, AUC evaluation

formula (8)

No

Yes

Input data
Hyperspectral imaged

Window size 
Window center pixel weight

A priori t parameter T1 T2

Merge clustering i, j
ij < T

2 < T

Figure 3: BSLD method flow chart.

images of the bands are 1, 11, 21, and 31, respectively. From
the gray-scale point of view, only the first band can clearly
identify the fingerprint, but it is also overlapped with the
background information or block, so it greatly enhances the
difficulty of fingerprint shape extraction.

According to the data provided by a total of 8694-pixel
ROI (Regions of Interest) [23] as the correct fingerprint
extracting reference value, we selected pixel (𝑆𝑎𝑚𝑝𝑙𝑒, 𝐿𝑖𝑛𝑒)
= (290, 147) as previous information to experiment. Taking
the experimental parameters, the window size is 5. The best
experimental results can be obtainedwhen thewindow center
pixel weight is 3. As is shown in Figure 5, the fingerprint
information can be clearly extracted except the area covered
by the ink, and the area covered by the ink can also be
extracted partly. In Figure 6,we can see that the BSLDmethod
(red curve) is at the top of the ROC curve of other methods.
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band 1 band 11

band 21 band 31

Figure 4: Four bands in the fingerprint data.

Figure 5: Fingerprint information extraction effect.

The AUC value in Table 1 also reflects that this method has
the best fingerprint information extraction performance.

3.3. Experimental Study on Tumor Area Information Extrac-
tion in Medical Images. In the tumor area information
extraction experiment, the data we selected is a hyperspectral
image of the trunk part of the mouse in which band’s number
is 13, spectral resolution is 5 nm, and the size is 220 ∗ 200.
In Figure 7, the gray-scale images of bands 1 and 5 and the
color images of the red, green, and blue bands are shown.
There is silver powder on the back and accumulated food in
the abdomen. This data gives the samples of prostate tumor
cells, but it cannot clearly identify the exact and complete
position of the tumor area from the band image. The region
is extracted exactly and accurately. The region is extracted
accurately through this algorithm.

As is shown in Figure 8, it is not difficult to find that the
distribution information of the prostate area from the hind
leg root upward is very obvious, and the tumor area which is
difficult to be positioned in the original hyperspectral image
is clearly extracted. Although there are some false alarms

BSLD
ACE

CEM
MF

1

0.95

0.9

0.85

0.8

0.75

0.7

0 0.05 0.1 0.15 0.2 0.25 0.3 0.35

0.65

Figure 6: ROC curve evaluation of fingerprint information extrac-
tion.

Table 1: Evaluation of AUC of fingerprint information extraction.

Algorithm BSLD ACE CEM MF
AUC 0.9747 0.9706 0.9426 0.9697

Table 2: Evaluation of AUC of tumor area information extraction.

Algorithm BSLD ACE CEM MF
AUC 0.9910 0.9758 0.9905 0.9828

around the location of the body, the effects in the medical
application field are not significant. We need to define a
higher decision threshold to get accurate images if we try to
get a more accurate image. The ROC curve is plotted accord-
ing to the ROI information given by the control data as shown
in Figure 9. We could find that BSLD method is still superior
to the other three methods. AUC in Table 2 is also improved
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(a) Band 1 (b) Band 5 (c) Synthetic image

Figure 7: The four bands in the tumor data and the synthetic image.

Figure 8: The effect of tumor area information extraction.
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0.98
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0.9
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0 0.02 0.04 0.06 0.08 0.1 0.12

Figure 9: ROC curve evaluation of tumor area information extrac-
tion.

slightly, and its value reaches to 99.1%. So we can conclude
that BSLD could accurately determine the tumor area.

4. Conclusion

In this paper, a newmethod of hyperspectral image biometric
information extraction is proposed, which can make up for

the deficiency of background hyperspectral image processing
method so that background information is suppressed and
target information is easier to be extracted.The two groups of
experiments show that thismethod can extract the target bio-
logical information completely and clearly, and the extraction
effect is superior to the classical ACE,CEM, andMFmethods.
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Domain adaptation has recently attracted attention for visual recognition. It assumes that source and target domain data are drawn
from the same feature space but different margin distributions and its motivation is to utilize the source domain instances to assist
in training a robust classifier for target domain tasks. Previous studies always focus on reducing the distribution mismatch across
domains. However, inmany real-world applications, there also exist problems of sample selection bias among instances in a domain;
this would reduce the generalization performance of learners. To address this issue, we propose a novel model named Domain
Adaptation Exemplar Support Vector Machines (DAESVMs) based on exemplar support vector machines (exemplar-SVMs). Our
approach aims to address the problems of sample selection bias and domain adaptation simultaneously. Comparing with usual
domain adaptation problems, we go a step further in slacking the assumption of i.i.d. First, we formulate the DAESVMs training
classifiers with reducingMaximumMeanDiscrepancy (MMD) among domains bymapping data into a latent space and preserving
properties of original data, and then, we integrate classifiers to make a prediction for target domain instances. Our experiments
were conducted on Office and Caltech10 datasets and verify the effectiveness of the model we proposed.

1. Introduction

Over the past decades, machine learning technologies have
achieved significant success in various areas, such as com-
puter vision [1], natural language processing [2], and video
detection [3]. However, traditional machine learning meth-
ods assume that training and testing data come from the
same domain, which implies that training or testing data are
drawn from the same distribution and represented in the
same feature spaces.This assumption is too violated to be held
in the real world as collecting suitable and enough labeled
data is time consuming and an expensive manual effort.
Lacking labeled data, most of traditional machine learning
methods always lose their generalization performance in
reality. Therefore, it is desired to utilize the data of the
relational domain to help training a robust learner for target
domains. Driven by this requirement, transfer learning has

rapidly developed in recent years [4]. Transfer learning slacks
the assumption of the traditional machine learning in which
data or labels are drawn from the same distribution and
represented in the same feature space. In the transfer learning
settings, it is always assumed that domains are similar or
related, with even no relationships, which is instead of i.i.d.
assumption. Thus, transfer learning has a strong motivation
when developing the classical machine learning functions or
applying the functions to real-world applications. Besides,
transfer learning can be regarded as a supplement of classical
machine learning methods. One is the problem of covariate
shift or sample selection bias. Another motivation is that we
want to train a universal or general model as a predictor for
all the tasks, viewed as the parameter or learner shared. It
is also considered as a goal of Artificial General Intelligence.
Transfer learning aims to utilize source or related domains to
help target domain tasks. It has achieved significant success
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in various practical applications, such as face recognition
[5], natural language processing [6], cross-language text
classification [7],WiFi localization [8], ormedicine image [9].

Domain adaptation is a subproblem of transfer learning
which assumes that source and target domain data are
generated from the same feature and label space but different
margin probability distributions. It aims to solve the problems
that there is none or less labeled data in the target domain
and usually use labeled data in the source domain to assist the
training of target domain tasks. Massive works focus on the
domain adaptation problems, and they also extend to some
applications, such as WiFi location, text sentiment analysis,
and image classification for multidomains. Since distribution
mismatch generally exists in the real-world applications,
there is also some other research area concern about domain
adaptation. For example, extreme learning machine (ELM) is
an efficient model for training single-hidden layer networks
[10]. There are also some ELM works in a domain adaptation
setting [11, 12].They utilize most previous domain adaptation
classifiers that have added constraint term which is based
on using instance reweighting to minimize Maximum Mean
Discrepancy (MMD) [13]. However, these methods need to
assume that the difference between the source and target
domain is not too large. Namely, this idea requires that
different domains are similar.

Most pattern recognition problems can be transformed
into several basic classification tasks. Generally speaking,
classification tasks assume that a category can be represented
by a hyperplane [14, 15], and most of the machine learning
algorithms aim to learn hyperplanes to predict for unseen
instances.Meanwhile, to improve the ability of representation
by a hyperplane, there are some works which cluster the
samples first and then solve the classification tasks on the
clusters. In contrast to the category classification tasks, a
cluster classifier can include more information about the
positive category, but the more risks of overfitting. Moti-
vated by the object detection, [16] proposed an extreme
classification model training the classifiers for every positive
instance and all the negative instances named exemplar
support vector machines (E-SVMs). In fact, exemplar-SVMs
can be viewed as an extreme situation of cluster-level SVM,
in which every positive sample is regarded as a cluster. There
are two viewpoints about the reason why the exemplar-SVM
achieves a surprising generalization performance. One of the
viewpoints is taking the exemplar-SVMs as a representation
with complete details of positive instances. In other words,
every classifier captures details of the positive instance like
background, corner, color, or orientations and most of the
classifiers can describe the category more intrinsically. From
transfer learning viewpoint, training data cannot satisfy
the underlying assumption of i.i.d., as every instance in
the training set may be different from each other, namely,
sample selection bias [17]. Each exemplar-SVMs classifier is
trained on a high weight positive sample and other negative
samples; it can represent the positive sample well in the same
distribution. Recently, [18] extends exemplar-SVMs into a
transfer learning form which uses loss function reweighting
and adds a low-rank regularization item for classifiers.

In this work, we propose a novel model to address
unsupervised domain adaptation problems that there is
no label on target domain data. Furthermore, it permits
distribution mismatch among instances. In our model, we
train kernel exemplar classifiers for every positive instance
and then integrate the classifier tomake a prediction for target
domain data. To align the distribution mismatch, we embed
the regularization item based on TCA in our classifiers. In
our opinion, the model constructs the bridge to transfer the
knowledge, and we use the information in the kernel matrix
which includes the instances representation in the high-
dimension space to assist classifier training across domains.
For the problem of sample selection bias, we integrate
the classifiers to make a prediction. Basically, the step of
integration is to expand the representation of hyperplanes
that entirely take advantage of details learned before.

Our contributions are as follows. (1)We propose a novel
unsupervised domain adaptation model based on exemplar-
SVMs named Domain Adaptation Exemplar Support Vector
Machines (DAESVMs), and it improves standard domain
adaptation prediction accuracy by transferring knowledge
across domains. (2) Every DAESVM classifier constructs a
bridge that transmits knowledge from the source domain
to target domain. Compared with the traditional two-step
method, this strategy thoroughly searches the optimization
point of the model whichmakes the classification hyperplane
more precious about domains. (3) To solve the problem
of sample selection bias, we use the ensemble methods to
integrate the classifiers.The process of the ensemble is similar
to slacking the classification hyperplane, which drops off
someunreliable classification results and use the reliable parts
to make a prediction. (4) We bring in the method of the
pseudo label in DAESVMs inspired by [19] to supplement the
information of target domain, and the experiments verify the
effectiveness of the pseudo label. (5) We push a step further
to extend to implementing DAESVMs on the multidomain
adaptation. The rest of this paper is organized as follows. In
Section, we introduce the notation of the problem. Mean-
while, we review the related works of domain adaptation,
exemplar-SVM, andTransfer Component Analysis (TCA). In
Section, we introduce the deduction process ofDAESVMand
formulate themodel. In Section, we propose the optimization
algorithm for our model. In Section, we integrate all the
DAESVMs classifiers to make a prediction. In Section, we
analyze the experiments on some transfer learning dataset to
verify the effectiveness of DAESVMs. In Section, we conclude
our work and give an expectation.

2. Notation and Related Works

This section will introduce the notation and related works
about this paper.

2.1. Notation. In this paper, we use the notation of [4] defi-
nition in transfer learning, and the definition just considers
the condition of one source domain and one target domain.
First, it needs to define the Domain and Task. Domain D
is composed of a feature space X and a margin probability
distribution 𝑃(𝑥), namely, D = {X, 𝑃(𝑥)}, 𝑥 ∈ X. Task T
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is composed of a label spaceY and a prediction model 𝑓(𝑥),
namely, T = {Y, 𝑓(𝑥)}, 𝑦 ∈ Y. From view of probability,𝑓(𝑥) = 𝑃(𝑦 | 𝑥). Notations in this paper which are frequently
used are summarized in the Notations and Descriptions
section. The definition of transfer learning is as follows: Give
a source domain dataD�푆 = {(𝑥�푆1 , 𝑦�푆1), . . . , (𝑥�푆𝑛𝑆 , 𝑦�푆𝑛𝑆 )} and a
source task T�푆 and a target domain data which is unlabeled
D�푇 = {(𝑥�푇1), . . . , (𝑥�푇𝑛𝑇 )} and a target task T�푇. Transfer
learning aims to utilize D�푆 and D�푇 to help train a robust
prediction model 𝑓�푡(𝑥) on the condition of D�푆 ̸= D�푇 or
T�푆 ̸= T�푇.

2.2. Domain Adaptation. As a subproblem of transfer learn-
ing, domain adaptation has achieved great success and is
utilized in many applications. It assumes that source and
target domain data have the same feature space, label space,
and prediction function, from the view of probability, equal-
ing conditional probabilities distribution, namely, 𝑓�푆(𝑥) ̸=𝑓�푇(𝑥) or 𝑃�푆(𝑦 | 𝑥) ̸= 𝑃�푇(𝑦 | 𝑥). It is agreed that the
approaches of domain adaptation can be divided into three
parts, reweighting approach, feature transfer approach, and
parameter shared approach.

(1) Reweighting Approaches. In the transfer learning tasks, the
basic idea of utilizing the source data to help training target
predictor is to reduce the discrepancy between the source
and target data as far as possible. Under the assumption that
source and target domains have a lot of overlapping features,
a conventional method is reweighting or selecting the source
domain instances to correct the marginal probability dis-
tribution mismatch. Based on the metric distance method
between distributions named Maximum Mean Discrepancy
(MMD), [20] proposed a technique called Kernel Mean
Minimum (KMM) revising the weight of every instance to
minimize MMD between the source and target domain.
Being similar to KMM, [21] used the same idea but a
differentmetricmethod to adjust the discrepancy of domains.
Reference [22] used the strategy of AdaBoost to update
the weights of source domain data, which improved the
weight of instances in favor of classification task. It also
introduced the generalization error bounds of model based
on the PAC learning theory. In recent years, [23] used a
two-step approach; first is sampling the instances which are
similar with other domains as landmarks, and then use these
landmarks to map the data into a high-dimension space,
after which it is more overlapping. Reference [24] solved
the same problem but slacked the similarity assumption; it
assumes that there are no relationships between the source
and target domain. The model named Selective Transfer
Machine (STM) reweights the instance of personal faces to
train a generic classifier. Most of instance-based transfer
learning techniques use KMM to measure the difference of
the distributions, and these methods are applied in many
areas, such as facial action unit detection [25] and prostate
cancer mapping [26].

(2) Feature Transfer Approaches. Compared with instance-
based approaches, feature-based approaches slack the simi-
larity assumption. It assumes that source and target domain

share some features named shared features, and domains have
their own features named spec-features [27]. For example,
when we train a task that uses movie critical to help
sofa critical sentiment analysis classification task. The word
“comfortable” is always nonzero in the sofa domain features
but always zero in the movie domain features. This word
is the spec-feature of sofa domain feature. Feature transfer
approaches aim to find a shared latent subspace where the
distance between the source and target domain is minimized.
Reference [28] proposed an unsupervised domain adaptation
approach named Geodesic Flow Kernel (GFK) based on
kernel method. GFK maps data into Grassmann manifolds
and constructs geodesic flows to reduce themismatch among
domains. It effectively exploits intrinsic low-dimensional
structures of data in domains. To solve problems of cross-
domain natural language processing (NLP), [29] proposed
a general method structural correspondence learning (SCL)
to learn a discriminative predictor by identifying correspon-
dences from features in domains. Primarily, SCL finds the
pivot features and then links the shared features with each
other. Reference [7] learned a predictor bymapping the target
kernel matrix to a submatrix of the source kernel matrix.The
deep neural network is used not for learning essential features
but also for domain adaptation. Reference [30] proposed a
neural network architecture for domain adaptation named
Deep Adaptation Network (DAN) and extended it to joint
adaptation networks (JAN) [31]. Reference [32] discussed the
transferable domain features on the deep neural network.

(3) Parameter-Based Approaches.The core idea of parameter-
based approaches aims to transfer parameters from source
to target domain tasks. It assumes that different domains
share someparameters and these parameters could be utilized
for domains. Reference [33] proposed Adaptive Support
Vector Machine (A-SVM) as a general method to adopt new
domains. A-SVM trains an auxiliary classifier firstly and then
learns the target predictor based on the original param-
eters. Reference [34] reweighted prediction of the source
classifier on target domain by signing distance between
domains.

2.3. Exemplar SupportVectorMachines. Reference [16] is pro-
posed for object detection and getting high performance. It
trains classifiers on every positive instance from all negative
instances. Every positive instance is an exemplar and the clas-
sifier corresponding to it can be viewed as a representation of
the positive instance. In the process of the prediction, every
classifier predicts a value for the test instance and uses a
function to make a calibration for the value and then gets the
high score classifiers result as a predicted class.The exemplar-
SVMs solve the problem that a hyperplane is hard to represent
a category instance and utilize an extreme strategy to train
predictor. In [35], they gather the training procession into one
model and enter the nuclear norm regularization to the scene
of domain generalization which assumes target domain is
unseen.They also extend themodel to the problemof domain
generalization and multiview [36, 37]. In [38], they reduced
two hyperparameters into one and spread exemplar-SVMs to
a kernel form.
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2.4. Transfer Component Analysis. Reference [39] proposed
a dimension reduction method called maximum mean dis-
crepancy embedding (MMDE). By minimizing the distance
of source and target domain data distribution in a shared
latent space, the source domain data is utilized to assist
training classifier on the target domain. MMDE is not only
to minimize the distance between the domains in the latent
space but also preserve the properties of data by maximum
of the variance of data. Based on the MMDE, [40] extended
it to have the ability of deal with the unseen instance and
reduce the computation complexity of MMDE. Substantially,
TCA simplifies the process of learning kernel matrix instead
by transforming init kernel matrix. The optimization of this
problem is equal to a solution in 𝑚 leading eigenvectors of
object matrix.

3. Domain Adaptation Exemplar Support
Vector Machine

In this section, we present the formulation of Domain
Adaptation Exemplar Support Vector Machine (DAESVM).
In the remainder of this paper, we use a lowercase letter in
boldface to represent a column vector and an uppercase in
boldface to represent a matrix. The notation mentioned in
Section is extended. We use x+�푖 , 𝑖 ∈ {1, . . . , 𝑛+�푆 }, where 𝑛+�푆
is the number of positive instances, to represent a positive
instance, and x−�푗 , 𝑗 ∈ {1, . . . , 𝑛−�푆 }, where 𝑛−�푆 is the number of
negative instances, to represent a negative instance.The set of
negative samples are written as 𝑁−. This section introduces
the formulation procession of an exemplar classifier. In fact,
we need to train exemplar classifiers in the number of source
domain instances and the method which integrates these
classifiers is proposed in Section.

3.1. Exemplar-SVM. The exemplar-SVM is constructed by an
extreme idea of training a classifier by a positive instance from
all the negative instances and then calibrating the outputs
of classifiers into a probability distribution to separate the
samples. The model trains the number of positive instance
classifiers. Learning a classifier which aims to separate a
positive instance from all the negative instance can be
modeled as 𝑓 (w, 𝑏) = ‖w‖2 + 𝐶1ℎ (w�푇x+ + 𝑏)+ 𝐶2 ∑

x−
𝑖
∈ �푛−
𝑆

ℎ (−w�푇x−�푖 − 𝑏) , (1)

where ‖ ⋅ ‖ is 2-norm of a vector and 𝐶1 and 𝐶2 are the
tradeoff parameters corresponding to𝐶 in SVM for balancing
the positive and negative error cost. ℎ(𝑥) = max (0, 1 − 𝑥) is
a hinge loss function.

The formulation (1) is the primal problem of exemplar-
SVM, and we can find the dual problem for utilizing kernel
method. The dual formulation can be written as follows [38]:

min
𝛼

𝛼
�푇K̃𝛼 − e�푇𝛼,

s.t. 𝛼0 − �푛−𝑆∑
�푖=1

𝛼�푖 = 0,

0 ≤ 𝛼0 ≤ 𝐶1,0 ≤ 𝛼�푖 ≤ 𝐶2,∀𝑖 ≥ 1.
(2)

𝛼 = (𝛼0, 𝛼1, . . . , 𝛼�푛−
𝑆

) ∈ R�푛
−

𝑆
+1 are Lagrangian multipliers.

e is an identity vector. We take this model as an exemplar
learner. The matrix K̃ ∈ R(�푛

−

𝑆
+1)×(�푛−

𝑆
+1) is composed of

K̃ = [𝑘 (x+, x+) −k�푇−k K
] ∈ R

(�푛−
𝑆
+1)×(�푛−

𝑆
+1)

𝑘 ∈ R
�푁−
𝑆 ,

𝑘�푖 = 𝑘 (x, x−�푖 ) ,
K�푖�푗 = 𝑘 (x−�푖 , x−�푗 ) .

(3)

3.2. Pseudo Label for Kernel Matrix. To make the best use of
samples in source or target, we construct the kernel matrix
on both domain data. However, in the dual problem of SVM,
kernel matrixK needs to be supplied labeled data. Ourmodel
is based on the unsupervised domain adaptation problem
in which only source domain data are labeled. Motivated by
[19], we use the pseudo label to help model training. Pseudo
labels are predicted by classical classifiers, SVM in ourmodel,
which train on the source labeled data.Due to the distribution
mismatch between source and target domain, there may be
many labels incorrect. Followed by [19], we assume that the
pseudo class centroids calculated by them may reside not
far apart from the true class centroids. Thus, we use both
domain data to supplement the kernel matrix K with label
information. In our experiments, we testify this method is
effective.

3.3. Exemplar Learner in Domain Adaptation Form. In fact,
each exemplar learner is an SVM in kernel form which is
trained by a positive instance and all the negative instances.
In the opinion of [16], a discriminative exemplar classifier can
be taken as a representation of a positive instance. However,
in the task of object detection or image classification, this
parametric form representation is feasible because of some
characteristics in samples, such as angle, color, orientations,
and background, which are hard to represent. The instance-
based parametric discriminative classifier can include more
information about positive samples. Similarly, with the moti-
vation of transfer learning, we can view a positive instance as
a domain, and there is some mismatch among domains. Our
model aims to correct this mismatch and reduce the distance
from the target domain. We construct an exemplar learner
distance metric of domains fromMMD and it can be written
as

dist (x�푆, x�푇)
= 𝜙 (x+�푆 ) + 1𝑛−�푆

�푛𝑆∑
�푖=1

𝜙 (x−�푆 ) − 2𝑛�푇
�푛𝑇∑
�푖=1

𝜙 (x�푇)
2

H

. (4)
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However, it is just a metric of distance which is satisfied
with our requirement of minimizing this distance by some
transformation. Motivated by Transfer Component Analysis
(TCA), we want to map the instance into a latent space
that the instances from source and target domain are more
similar and assume this mapping is 𝑃(𝑥). Namely, we aim
to minimize MMD distance between domains by mapping
instances into another space.We extend the distance function
as follows:

dist (x�푆, x�푇) = 𝜙 (𝑃 (x+�푆 )) + 1𝑛�푆
�푛𝑆∑
�푖=1

𝜙 (𝑃 (x−�푆 ))
− 2𝑛�푇
�푛𝑇∑
�푖=1

𝜙 (𝑃 (x�푇))
2

H

. (5)

Corresponding to a general approach, it always reformulates
(4) to construct a kernel matrix form. We define the Gram
matrices on the source positive domain, source negative
domain, and target domain.The kernelmatrixK is composed
of nine submatrices, K�푇,+, K�푇,−, K�푇,�푇, K+,+, K−,−, K+,−, K+,�푆,
K−,�푇, K−,+ where K = [𝜙(𝑥�푖)�푇 𝜙(𝑥�푗)].

K = [[[
K+,+ K+,− K+,�푇
K−,+ K−,− K−,�푇
K�푇,+ K�푇,− K�푇,�푇

]]] ∈ R
(1+�푛−
𝑆
+�푛𝑇)×(1+�푛

−

𝑆
+�푛𝑇), (6)

and it constructs the coefficient matrix L,

L�푖�푗 =

{{{{{{{{{{{{{{{{{{{{{{{{{{{{{{{{{{{{{{{{{{{{{{{

1, if x�푖, x�푗 ∈ X+�푆 ,1𝑛−�푆 , if x�푖 ∈ X+�푆 , x�푗 ∈ X−�푆 ,
− 2𝑛�푇 , if x�푖 ∈ X+�푆 , x�푗 ∈ X�푇,
− 2𝑛−�푆𝑛�푇 , if x�푖 ∈ X�푇, x�푗 ∈ X−�푆 ,1𝑛−�푆 2 , if x�푖, x�푗 ∈ X−�푆 ,
4𝑛�푇2 , if x�푖, x�푗 ∈ X�푇.

(7)

Thus, the primal distance function is represented by KL.
Motivated by TCA [40], the mapping for primal data is
equal to the transformation of kernel matrix generated by the
source and target domain data. Utilizing the low-dimension
transform matrix M̃ ∈ R(1+�푛

−

𝑆
+�푛𝑇)×�푚 reduces the dimension

of the primal kernel matrix. It maps the empirical kernel map
K = (KK−1/2)(K−1/2K) into an 𝑚-dimensional shared space.
Mostly, we replaced the distance functionKL by (KMM�푇KL).
In our case, we follow [40] and minimize the trace of the
distance,

dist (x+�푆 , x−�푆 , x�푇) = tr (M�푇KLKM) . (8)

For controlling the complexity ofM and preserving the data
characteristic, we add the regularization and constraint item.

The domain adaptation item is formulated followed from
TCA and written as

Ω(x+�푆 , x−�푆 , x�푇) = tr (M�푇KLKM) + 𝜇 tr (M�푇M)
s.t. M�푇KHKM = I�푚, (9)

where 𝜇 > 0 is a tradeoff parameter and I�푚 ∈ R(�푚×�푚) is
an identity matrix. H = I�푛−

𝑆
+�푛𝑇+1

− (1/(𝑛−�푆 + 𝑛�푇 + 1))ee�푇 is
a centering matrix.

Furthermore, the objective function of dual SVM needs
to be added to the training label information which is similar
to our model. Thus, we construct the training label matrix U

U = diag (y+�푆 , y−�푆 , y�푇) . (10)

y+�푆 is the label of a positive instance, y
−
�푆 is the label vector

of negative source instances, and y�푇 is the pseudo labels of
target instances which are predicted by SVM before. It can be
rewritten in another form:

U = diag(1, −1, . . . , −1⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟
�푛−
𝑆

, 𝑦1�푇, . . . , 𝑦�푛𝑇�푇⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟
�푛𝑇

). (11)

Label matrix U provides the information of source domain
data labels and target domain pseudo labels. The matrix K̃ in
a dual problem of exemplar-SVM (2) is primal data kernel
matrix. We want to replace it by mapping the kernel matrix
into a latent subspace. Namely, replace K by K̂ and the final
objective function of each DAESVM model is formulated as
follows:

min
�훼,M
𝛼
�푇K̂𝛼 − e�푇𝛼 + 𝜆 tr (M�푇KLKM)
+ 𝜇 tr (M�푇M) ,

s.t. 𝛼0 − �푛−𝑆+�푛𝑇∑
�푖=1

𝛼�푖 = 0,
0 ≤ 𝛼0 ≤ 𝐶1,0 ≤ 𝛼�푖 ≤ 𝐶2,∀𝑖 ≥ 1,
M�푇KHKM = I�푚,
K̂ = UKMM�푇KU.

(12)

4. Optimization Algorithm

To minimize problem (12), we adopt the alternated opti-
mization method which alternates between solving two
subproblems over parameter 𝛼 and mapping matrix M.
Under these methods, the alternated optimization approach
is guaranteed to decrease the objective function. Algorithm 1
summarizes the optimization procedure of problem (12)
which we formulated.
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Input: X�푡�푟, X�푡�푒; parameter 𝜆, 𝜇,𝑚, 𝐶1 and 𝐶2;
Output: optimal 𝛼 andM
(1) initial 𝛼 = 0;
(2) Construct kernel matrix K from X�푡�푟 and X�푡�푒 based on

(6); coefficient matrix L based on (7); centering matrix
H; label matrix U based on (11).

(3) repeat
(4) Update transformation matrixM when fix 𝛼
(5) Eigendecompose the optimization matrix of(KU𝛼𝛼�푇UK + 𝜆KLK − 𝜇I�푚)−1KHK and select𝑚 leading eigenvectors to construct the transformation

matrixM
(6) Solve the convex optimization problem for fixedM

to optimize 𝛼
(7) until Convergence

Algorithm 1: Domain Adaptation Exemplar Support Vector Machine.

Minimizing over 𝛼. The optimization over 𝛼 can be rewritten
into the following form:

min
M
𝛼
�푇UKMM�푇KU𝛼 − e�푇𝛼 + 𝜆 tr (M�푇KLKM)
+ 𝜇 tr (M�푇M) ,

s.t. M�푇KHKM = I�푚.
(13)

Being similar to TCA, the formulation is containing a non-
convex norm constraint, and we transform this optimization
problem by reformulating as

max
M

tr ((M�푇 (KU𝛼𝛼�푇UK + 𝜆KLK − 𝜇I�푚)M)−1M�푇KHKM) . (14)

Proof. The Lagrangian of (12) is

L (M,Z) = 𝛼�푇UKMM�푇KU𝛼 − e�푇𝛼

+ 𝜆 tr (M�푇KLKM) − 𝜇 tr (M�푇M)
− tr ((M�푇KHKM − I�푚)Z) .

(15)

Because the initial kernel matrixK is a symmetric matrix and
we can rewrite the first term of (15),

𝛼
�푇UKMM�푇KU𝛼 = tr (𝛼�푇UKMM�푇KU𝛼)

= tr [(M�푇K�푇U𝛼)�푇 (M�푇K�푇U𝛼)]
= tr [(M�푇K�푇U𝛼) (M�푇K�푇U𝛼)�푇]
= tr (M�푇KU𝛼𝛼�푇UKM) .

(16)

The original Lagrangian formulation is written as follows:

tr (M�푇 (KU𝛼𝛼�푇UK + 𝜆KLK − 𝜇I�푚)M)
− tr ((M�푇KHKM − I�푚)Z) . (17)

The derivative of (17) is

(KU𝛼𝛼�푇UK + 𝜆KLK − 𝜇I�푚)M − KHKMZ. (18)

We set the derivative above to zero, and we get Z as

Z = (M�푇KHKM)†M�푇 (KU𝛼𝛼�푇UK + 𝜆KLK − 𝜇I�푚)⋅ M . (19)

Substituting Z into (17), we obtain

min
M

tr ((M�푇KHKM)†M�푇 (KU𝛼𝛼�푇UK + 𝜆KLK − 𝜇I�푚)M) . (20)
Final, we obtain an equivalent maximization problem
(14).

Being similar to TCA, the solution is finding the 𝑚
leading eigenvectors of (KU𝛼𝛼�푇UK + 𝜆KLK − 𝜇I�푚)−1KHK.

Minimizing overM.The optimization overM can be rewritten
into the following QP form:
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Input: y�푆 𝛼, X�푡�푒; parameterP
Output: prediction labels y
(1) Compute the weights w of the classifiers.
(2) Construct weight matrixW and bias b of predictors

based on 𝛼.
(3) repeat
(4) Compute scores of each classifier in this category.
(5) Find topP scores.
(6) Compute the sum of these top scores.
(7) untilThe number of categories
(8) Choose the max score owned category as the prediction

label y.

Algorithm 2: Ensemble Domain Adaptation Exemplar Classifiers.

min
𝛼

𝛼
�푇K̂𝛼 − e�푇𝛼,

s.t. 𝛼0 − �푛−𝑆+�푛𝑇∑
�푖=1

𝛼�푖 = 0,
0 ≤ 𝛼0 ≤ 𝐶1,0 ≤ 𝛼�푖 ≤ 𝐶2,∀𝑖 ≥ 1.

(21)

K̂ = UKMM�푇KU which represents the kernel matrix has
been transformed by transformation matrix M. It is obvious
that this problem is a QP problem and it could be solved
efficiently using interior point methods or other succes-
sive optimization procedures such as Alternating Direction
Method of Multipliers (ADMM).

5. Ensemble Domain Adaptation
Exemplar Classifiers

In this section, we introduce the method of integration
exemplar classifiers. As mentioned before, we get the number
of source domain instances classifiers and this section aims
to predict labels for target domain instances. In our opinions,
the classification hyperplane of an exemplar classifier is rep-
resentation for a source domain positive instance. However,
most of the hyperplanes contain information which comes
from various samples, such as images of different background
or source. In fact, we aim to search the exemplar classifiers
which are from instances similar to the testing sample. Thus,
we utilize integrating method to filter out classifiers which
include details different with the testing sample. Another
view for the integration method is that it slacks the part of
hyperplanes. Namely, it removes some exemplar classifiers
which are trained by large instances distribution mismatch.

In our method, we first construct the classifiers from
Lagrange multipliers 𝛼. The classifier construction equation
is

w = 𝛼0x+ − �푛−𝑆+�푛𝑇∑
�푖=1

𝛼�푖x−�푖 , (22)

where w is the weight of classifier.

𝑏 = 𝑦�푗 − 𝛼0K̂0,�푗 − �푛−𝑆+�푛𝑇∑
�푖=1

𝑦�푖𝛼�푖K̂�푖�푗, (23)

where 𝑏 is the bias of classifier. The classifier is given by𝑠 = 𝛼⊤x + 𝑏. (24)

And then we compute the scores by every classifier and
the testing instance. Second, we find the top P numbers of
scores for each class classifier and compute the sum of those
scores. At last, we get a score for each class, and the highest
score is the category that we predict. The prediction method
is described in Algorithm 2.

6. Experiments

In this section, we conduct experiments onto the four
domains, Amazon, DSLR, Caltech, and Webcam, to evaluate
the performance of proposed Domain Adaptation Exemplar
Support Vector Machines. We first compare our method
to baselines and other domain adaptation methods. Next,
we analyze the effectiveness of our approach. At last, we
introduce the problem of parameter sensitivity.

6.1. Data Preparation. We run the experiments on Office and
OfficeCaltech datasets. Office dataset contains three domains
Amazon, Webcam, and DSLR. Each of them includes images
from amazon.com or Office environment images taken with
varying lighting and pose changes using a Webcam or a
DSLR camera. Office Caltech dataset contains the ten over-
lapping categories between the Office dataset and Caltech-
256 dataset. By the standard transfer learning experiment
method, we merge two datasets; it entirely includes four
domains Amazon, DSLR, Caltech, and Webcam which are
studied in [41]. The dataset of Amazon is the images down-
loaded from Amazon merchants. The images in the Webcam
also come from the online web page, but they are of low
quality as they are taken by web camera. The domain of
DSLR is photographed by the digital SLR camera by which
the images are of high quality. Caltech is always added
to domain adaptation experiments, and it is collected by
object detection tasks. Each domain has its characteristic.
Compared to the other domains, the quality of images in
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the DSLR is higher than others and the influence factors
such as object detection and background are less than images
downloaded from the web. Amazon andWebcam come from
the web, and images in the domains are of low quality and
more complexity. However, there are some different details
on each of them. Instances in the Webcam are object alone,
but the composition of samples in Amazon is more complex
including background and other goods. Figure 1 shows the
example of the backpack from four domain samples. In the
view of transfer learning, the datasets come from different
domains and the differentmargin probabilities for the images.
In our model, we aim to solve this problem and get a robust
classifier for the cross-domain.

We chose ten common categories among all four datasets:
backpack, bike, bike helmet, bookcase, bottle, calculator, desk
chair, desk lamp, desktop computer, and file cabinet. There
are 8 to 151 samples per category in a domain: 958 images
in Amazon, 295 images in Webcam, 157 images in DSLR,
1123 images in Caltech, and 2533 images total in the dataset.
Figure 1 shows examples for datasets.

We follow both SURF and DeCAF features extraction in
the experiments. First, we use SURF features encoding the
images into 800-bin histograms. Next, we use DeCAF feature
which is extracted by 7 layers of Alex-net [42] into 4096-bin
histograms. At last, we normalized the histograms and then𝑧-scored to have zero mean and unit standard deviation in
each dimension.

We run our experiments on a standard way for visual
domain adaptation. It always uses one of four datasets as
source domain and another one as target domain. Each
dataset provides same ten categories and uses the same
representation of images which is considered as the problem
of homogeneous domain adaptation. For example, we choose
images taken by the set of DSLR (denoted by 𝐷) as source
domain data and use images in Amazon (denoted by 𝐴) as
target domain data. This problem is denoted as D → A.
Using this method, we can compose 12 domain adaptation
subproblems from four domains.

6.2. Experiment Setup

(1) Baseline Method. We compare our DAESVMmethod with
three kinds of classical approaches: one is classified without
regularization of transfer learning, the second is conventional
transfer learning methods, and the last one is the foundation
model, which is low-rank exemplar support vector machine.
The methods are listed as follows:

(1) Transfer Component Analysis (TCA) [40]
(2) Support Vector Machine (SVM) [43]
(3) Geodesic Flow Kernel (GFK) [28]
(4) Landmarks Selection-based Subspace Alignment

(LSSA) [23]
(5) Kernel Mean Maximum (KMM) [20]
(6) Subspace Alignment (SA) [44]
(7) Joint Matching Transfer (TJM) [45]
(8) Low-Rank Exemplar-SVMs (LRESVMs) [18]

TCA, GFK, and KMM are the classical transfer learning
methods. We compare our model with these methods.
Besides, we prove our method is more robust than models
without domain adaptation items in the transfer learning
scenery. TCA is the foundation of our model, and it is similar
to GFK and SFA which are based on the idea of feature
transfer. KMM transfer knowledge by instance reweighting.
TJM is a popularmodel utilizing the problemof unsupervised
domain adaptation. SA and LSSA are the models using
landmarks to transfer knowledge.

(2) Implementation Details. For baseline method, SVM is
trained on the source data and tested on the target data [46].
TCA, SA, LSSA, TJM, and GFK are first viewed as dimension
reduction process and then train a classifier on the source
data and make a prediction for the target domain [19]. Being
similar to dimension reduction, KMM is first to compute
the weight of each instance and then train predictor on the
reweighting source data.

Under the assumption of unsupervised domain adap-
tation, it is impossible to tune the optimal parameters for
the target domain task by cross validation, since there
exists distribution mismatch between domains. Therefore,
in the experiments, we adopt the strategy of Grid Search
to obtain the best parameters and report the best results.
Our method involves five tunable parameters: tradeoff in
ESVM 𝐶1 and 𝐶2, tradeoff in regularization items 𝜆 and𝜇, and parameter of dimension reduction 𝑚. The param-
eters of tradeoff in ESVM 𝐶1 and 𝐶2 are selected over{10−3, 10−2, 10−1, 10−0, 101, 102, 103}. We fix 𝜆 = 1, 𝜇 = 1,𝑚 = 40 empirically and select radial basic function (RBF)
as the kernel function. In fact, our model is relatively stable
under a wide range of parameter values. We train a classifier
for every positive instance in the source domain data and
thenwe put them into a probability distribution.We deal with
the multiclass classifier in a one versus the others way. To
measure the performance of our method, we use the average
accuracy and the standard deviation over ten repetitions.The
average testing accuracies and standard errors for all 12 tasks
of ourmethods are reported in Table 1. For the rest of baseline
experiments, most of them are cited by the papers which are
published before.

6.3. Experiments Results. In this section, we compare our
DAESVM with baseline methods regarding classification
accuracy.

Table 1 summarizes the classification accuracy obtained
by all the 10 categories and generates 12 tasks in 4 domains.
The highest accuracy is in a bold font which indicates that
the performance of this task is better than others. First, we
implement the traditional classifiers without domain adapta-
tion items that we train the predictors on the source domain
data andmake a prediction for target domain dataset. Second,
we compared our DAESVM with unsupervised domain
adaptation methods, such as TCA or GFK, implemented
to use the same dimension reduction with the parameter𝑚 in our model. At last, we also compared DAESVM
with newly transfer learning models, like low-rank ESVMs
[18].
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(a)

(b)

Figure 1: Example images from the backpack category in Amazon, DLSR ((a) from left to right), Webcam, and Caltech-256 ((b) from left to
right). The different domain images are various. The images have different style, background, or sources.

Overall, in a usual transfer learning way, we run datasets
across different pairs of source and target domain. The
accuracy of DAESVM for the adaptation fromDSLR toWeb-
cam can achieve 92.1% which make the improvement over
LRESVM by 1.2%. Compared with TCA, DAESVMs make
a consideration about the distribution mismatch among

instances or different domains. For the adaptation from
Webcam to DSLR, this task can get the accuracy of 91.8%.
For the domain datasets Amazon and Caltech which are
more significant than DSLR andWebcam, DAESVM gets the
accuracy of 77.5% which improves about 36.2% compared to
themethod of TJM. For the ability which transfers knowledge
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Table 1: Classification accuracies of different methods for different tasks of domain adaptation.We conduct the experiments on conventional
transfer learning methods. Comparing with traditional methods, DAESVMs gain a big improvement in the prediction accuracy. And they
also improve confronted with the approach of LRESVM which is proposed recently [average ± standard error of accuracy (%)].

Task SVM KMM TCA TJM SA GFK LSSA LRESVM DAESVMs
A → C 45.4 42.2 45.3 56.9 51.8 49.6 54.8 79.8 77.5 ± 0.79
A → D 50.7 42.7 60.3 56.4 56.4 55.7 57.3 74.9 76.8 ± 0.76
A → W 47.4 42.4 61.3 51.0 54.7 56.9 56.7 75.4 73.2 ± 1.08
C → A 50.7 48.3 54.7 58.6 57.1 51.2 58.4 77.2 80.2 ± 0.39
C → D 53.2 53.5 56.4 57.4 59.0 57.1 59.1 87.1 89.0 ± 0.23
C → W 44.2 45.8 50.4 58.8 62.7 57.1 58.1 74.1 74.7 ± 0.38
D → A 40.8 42.2 53.8 46.1 58.9 59.2 58.4 80.4 83.4 ± 1.41
D → C 48.3 41.6 43.9 49.6 54.3 59.4 57.7 79.0 73.0 ± 1.04
D → W 67.8 72.9 82.4 82.0 83.4 80.2 87.1 91.0 92.1 ± 0.25
W → A 42.4 41.9 53.0 50.8 57.0 66.2 59.7 74.3 77.8 ± 0.33
W → C 41.2 39.0 53.7 54.8 34.7 52.4 54.2 70.6 66.5 ± 0.54
W → D 80.2 82.0 87.9 83.4 78.9 81.2 87.2 89.2 91.8 ± 0.59
Average 51.0 49.5 58.6 58.8 59.1 60.5 62.4 79.4 80.0 ± 0.67
Table 2:We also conduct our experiments for the tasks of multidomain and gain an improvement comparing withmethods proposed before.
The experiments adopt the same strategy as the single domain adaptation. We treat multidomain as one source or target to find the shared
features in a latent space. However, the complexity of the multidomain shared features limits the accuracy of tasks [average ± standard error
of accuracy (%)].

Task SVM KMM TCA TJM SA GFK LSSA LRESVM DAESVM
D,W → A 45.7 37.4 40.5 57.1 59.4 47.3 61.7 80.1 77.2 ± 1.27
A,D → C,W 37.1 31.6 43.0 60.2 48.7 47.6 74.2 86.9 84.7 ± 0.65
D → A,C,W 41.4 43.8 57.2 63.9 51.9 51.4 77.0 82.9 88.4 ± 0.21
A,D,W → C 43.9 50.6 54.9 69.0 60.2 60.4 63.7 87.7 90.1 ± 0.34
A,D → W 71.0 61.0 54.0 61.3 54.0 47.0 71.9 80.8 83.8 ± 0.78
A,C → D,W 81.4 53.9 77.4 71.8 57.4 64.1 80.7 89.3 92.4 ± 0.25
Average 53.4 46.4 54.5 63.9 55.2 53.0 71.5 84.6 86.1 ± 0.58
from large dataset to small domain dataset, from Amazon to
DSLR,we get the accuracy of 76.8%.Contrarily, fromDSLR to
Amazon, the prediction accuracy is 83.4%. Totally speaking,
our DAESVM trained on one domain has good performance
and will also have robust performance on multidomain.

We also complement tasks of multidomains adaptation,
which utilized one or more domains as source domain data
and made an adaptation to other domains. The results are
shown in Table 2.The accuracy of DAEVM for the adaptation
fromAmazon, DSLR, andWebcam to Caltech achieves 90.1%
which get the improvement over LERSVM. For the task of
adaptation from Amazon and Caltech toWebcam, DSLR can
get the accuracy of 92.4%. The experiments prove that our
models are effective not only for single domain adaptation but
also for multidomain adaptation.

Two key factors may contribute to the superiority of our
method: The feature transfer regularization item is utilized
to slack the similarity assumption. It just assumes that there
are some shared features in different domains instead of the
assumption that different domains are similar to each other.
This factor makes the model more robust than models with
reweighting item. The second factor is the exemplar-SVMs
which are proposed from a motivation of transfer learning
which makes a consideration that instances are distribution

mismatch from each other. Our model combines these two
factors to resist the problem of distribution mismatch among
domains and sample selection bias among instances.

6.4. Pseudo Label Effectiveness. Following [19], we use pseudo
labels to supplement training model. In our experiments,
we test the prediction results which are influenced by the
accuracy rate of pseudo labels. As a result, described by
Figure 2, the prediction accuracy is improved following the
increasing accuracy of pseudo labels. It is proved that the
method of the pseudo label is effective and we can do the
iteration by using the labels predicted by the DAESVM as the
pseudo labels. The iteration step can efficiently enhance the
performance of the classifiers.

6.5. Parameter Sensitivity. There are five parameters in our
model, and we conduct the parameter sensitivity analysis
which can achieve optimal performance under a wide range
of parameter values and discuss the results.

(1) Tradeoff 𝜆. 𝜆 is a tradeoff to control the weight of MMD
item which aims to minimize the distribution mismatch
between source and target domain. Theoretically, we want
this term to be equal to zero. However, if we set this
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Figure 2:The accuracy of DAESVMs is improvedwith the improve-
ment of the pseudo label accuracy.The results verify the effectiveness
of the pseudo label method.

parameter to infinite, 𝜆 → ∞, it may lose the data properties
when we transform source and target domain data into
high-dimension space. Contrarily, if we set 𝜆 to zero, the
model would lose the function of correcting the distribution
mismatch.

(2) Tradeoff 𝜇. 𝜇 is a tradeoff to control the weight of
data variance item which aims to preserve data properties.
Theoretically, we want this item to be equal to zero. However,
if we set this parameter to infinite, 𝜇 → ∞, it may augment
the data distribution mismatch among different domains;
namely, transformation matrix M cannot utilize source data
to assist the target task. Contrarily, if we set 𝜇 to zero, the
model cannot preserve the properties of original data.

(3) Dimension Reduction𝑚.𝑚 is the dimension of the trans-
formation matrix, namely, the dimension of the subspace
which we want to map samples into. Similarly, minimizing𝑚
too less may lead to losing the properties of data which may
lead to the classifier failure. If𝑚 is too large, the effectiveness
of correct distributionmismatchmay be lost.We conduct the
classification results influenced by the dimension of 𝑚, and
the results are displayed in Figure 3.

(4) Tradeoff in ESVM 𝐶1 and 𝐶2. Parameters 𝐶1 and 𝐶2
are the upper bound of the Lagrangian variables. In the
standard SVM, positive and negative instances share the
same standard of these two parameters. In our models, we
expect the weights of the positive samples to be higher than
negative samples. In our experiments, the value of 𝐶1 is
one hundred times 𝐶2 which could gain a high-performance
predictor. The visual analysis of these two parameters is in
Figure 4.
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Figure 3: When the dimension is 20 or 40, the prediction accuracy
is higher than others.

10
8 1006 80

604

0.7

0.75

0.8

0.85

0.9

0.95

402 200 0

Figure 4: We fix 𝜆 = 1, 𝑚 = 20, and 𝜇 = 1 in these experiments,
and 𝐶1 is searched in {0.1, 0.5, 1, 5, 10, 50, 100} and 𝐶2 is searched in{0.001, 0.005, 0.01, 0.1, 0.5, 1, 10}.
7. Conclusion

In this paper, we have proposed an effective method for
domain adaptation problems with regularization item which
reduces the data distribution mismatch between domains
and preserves properties of the original data. Furthermore,
utilizing the method of integrating classifiers can predict
target domain data with high accuracy.The proposedmethod
mainly aims to solve the problem, in which domains or
instances distributions mismatch occurs. Meanwhile, we
extend DAESVMs to the multiple source or target domains.
Experiments conducted on the transfer learning datasets
transfer knowledge from image to image.
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Our future works are as follows. First, we will integrate
the training procession of all the classifiers in an ensemble
way. It is better to accelerate training process by rewriting
all the weight into a matrix form. This strategy can omit
the process of matrix inversion optimization. Second, we
want to make a constraint for 𝛼 that can hold the sparsity.
At last, we will extend DAESVMs on the problem transfer
knowledge among domains which have few relationships,
such as transfer knowledge from image to video or text.

Notations and Descriptions

D�푆,D�푇: Source/target domain
T�푆,T�푇: Source/target task𝑑: Dimension of feature
X�푆,X�푇: Source/target sample matrix
y�푆, y�푇: Source/target sample label matrix
K: Kernel matrix without label information𝛼: Lagrange multipliers vector𝑛�푆, 𝑛�푇: The number of source/target domain

instances
e: Identity vector
I: Identity matrix.
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Segmentation of the prostate from Magnetic Resonance Imaging (MRI) plays an important role in prostate cancer diagnosis.
However, the lack of clear boundary and significant variation of prostate shapes and appearances make the automatic segmentation
very challenging. In the past several years, approaches based on deep learning technology havemade significant progress on prostate
segmentation. However, those approaches mainly paid attention to features and contexts within each single slice of a 3D volume. As
a result, this kind of approaches faces many difficulties when segmenting the base and apex of the prostate due to the limited slice
boundary information. To tackle this problem, in this paper, we propose a deep neural network with bidirectional convolutional
recurrent layers for MRI prostate image segmentation. In addition to utilizing the intraslice contexts and features, the proposed
model also treats prostate slices as a data sequence and utilizes the interslice contexts to assist segmentation. The experimental
results show that the proposed approach achieved significant segmentation improvement compared to other reported methods.

1. Introduction

Accurately segmenting the prostate from Magnetic Reso-
nance Imaging (MRI) provides very useful information for
clinical applications like computer aided diagnosis and image
guided interventions [1]. However, it is a very challenging
task due to the lack of clear boundary definition and the
significant variation of shape and texture across images from
different patients [2] as shown in Figure 1.

According to the guidance information used in the
model, we can classify the existing prostate MRI segmen-
tation methods into four kinds: region based, shape prior
based, contour based, and classification methods [3–5]. Toth
et al. [6] presented an Active Shape Model (ASM) initial-
ization scheme for prostate segmentation which leverages
multimodal information to initialize ASM. Samiee et al. [7]
proposed a model using shape prior of prostate to refine
the prostate boundary; Klein [8] proposed an automatic
segmentation model which is based on manually matching
segmented atlas images.

In the past several years, deep learning based techniques,
especially fully convolutional neural networks (FCNs), have
proved very effective on image segmentation [9–11], includ-
ing biomedical image segmentation. Zhu et al. [12] proposed a
deeply supervised CNN that utilized the residual information
to accurately segment the prostate MRI. Bao and Chung [13]
introduced amultiscale structured FCNmodel for brainMRI
segmentation by capturing discriminative features from input
patch. Other examples on introducing deep learning into
biomedical image segmentation can be found in [14–17].

However, a straightforward extension of those 2D image
segmentation methods to 3D may not yield satisfactory
performance, due to the anisotropic nature of many medical
imaging modalities. To tackle this problem, Chen et al. [18]
proposed a method to combine fully convolutional neural
networks with the extended Convolutional Long Short-Term
Memory (C-LSTM), which improved 3D medical image
segmentation performances by simultaneously leveraging the
abstraction capabilities of both FCNs and RNNs. Neverthe-
less, their model relies on the so-called U-Net [18] to extract
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Figure 1: Challenges in segmenting prostate inMR images. (a) Imaging artifacts inside the bladder. (b)Weak boundary. (c) Complex intensity
distribution.

image features. The following Bidirectional Convolutional
LSTMs (BDC-LSTMs) only work on the extracted features.
Thus, useful information for assisting image segmentation
may be lost.

As to prostate segmentation task, an insurmountable
challenge is the image slice specifically at the apex and base
always loses clear boundaries and necessary information.
This phenomenon brings the main difficulty to prostate
segmentation. However, shape prior is an effective way to
resolve this challenge. For instance,Qin et al. [19] proposed an
adaptive shape prior constrained directional level set model
(ASPDLS) to segment the inner and outer boundaries of
the bladder wall and achieved accurate segmentation results.
Motivated by the fact that the acquired MRI images typically
have a high intraslice resolution and there exists a high
spatial dependence between slices from the same patient, we
utilize interslice as shape prior to guide the process of feature
extraction and explore necessary information from interslice
to alleviate information loss as shown in Figure 2. Besides
the architecture of RNNs has superiority performances in
modeling sequential data [17, 20, 21]. To improve the perfor-
mance of prostate segmentation, in this paper, we propose

Guide

Raw image

OutputRNNGuide OutputRNN

Figure 2: Interslice as shape prior to guide the process of feature
extraction.

a network, called UR-Net, which treats prostate slices as a
data sequence, utilizing the intraslice contexts and features to
assist segmentation.

There are two main contributions of this paper. First, we
treat prostate slices as a data sequence and utilize interslice
as shape prior to guide the process of feature extraction
and explore necessary information from interslice. Second,
we explore the power of RNNs rather than the traditional
CNNs to extract image feature. The experimental results
demonstrate that the use of RNNs can substantially improve
the performance of prostate segmentation.

The rest of the paper is organized as follows. The
architecture of Recurrent Neural Network and the details of
proposed network architecture are described in Section 2.
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Figure 3: Architecture of the Recurrent Neural Networks and unfolding Recurrent Neural Networks into a full network. 𝑥𝑡 is the input at
time step 𝑡. ℎ𝑡 is the hidden state at time step 𝑡, which is the “memory” of the network. 𝑦𝑡 is the output at time step 𝑡.

Section 3 presents the experimental results and performance
evaluation. The conclusions are provided in Section 4.

2. UR-Net

In this section, we first review the classic Recurrent Neural
Networks (RNNs) and then move on to describe the exten-
sion of RNNs to Long Short-Term Memory (LSTM) [22]
and Convolutional Long Short-Term Memory (CLSTM) [18]
which are specific Recurrent Neural Networks. After that, the
proposed UR-Net is presented in detail.

2.1. Recurrent Neural Networks (RNNs). Recurrent Neural
Network (RNN) has a long history in the artificial neural
network community which was designed to model temporal
sequences. The architecture of typical RNNs is shown in
Figure 3. This model has shown great promise in many tasks,
such asNLP [23], non-Markovian control, and text tasks [24].
The idea behind RNNs is to make use of sequential infor-
mation with the output being dependent on the previous
computation. RNNshave amemory,which can remember the
information about what has been calculated so far. In theory
[25], RNNs can remember the information in arbitrarily long
sequences and make use of the previous computations, but
in practice they are limited to looking back only a few steps,
because of the problem of vanishing gradient.

At each time step 𝑡, the RNNs utilize the input data 𝑥𝑡 and
the previous hidden state ℎ𝑡−1 to calculate the next hidden
state ℎ𝑡 and output 𝑦𝑡 by applying the following recursive
operation:

ℎ𝑡 = 𝑓ℎ (𝑊ℎ𝑥𝑡 + 𝑈ℎ𝑡−1 + 𝑏ℎ) ,
𝑦𝑡 = 𝑓𝑜 (𝑊𝑜ℎ𝑡 + 𝑏𝑜) ,

(1)

where𝑓 is an element-wise nonlinearity function;𝑊ℎ,𝑈, and𝑏ℎ are the parameters of hidden state; 𝑊𝑜 and 𝑏𝑜 are output
parameters.

During the last decade, several methods have been ex-
plored for training RNNs, such as backpropagation through
time (BPTT) [26], real-time recurrent learning (RTRL) [27],
and extended Kalman filtering based techniques (EKF) [28].
Though those training methods can help us train RNNs, they
suffer from the vanishing gradient problem.

Input
gate

Forget
gate

Output
gate

xt

ℎt−1

xt

ℎt−1

xt

ℎt−1

ℎt

Figure 4: Architecture of the Long Short-Term Memory.
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Figure 5: Architecture of the forget gate in LSTM.

2.2. Long Short-Term Memory (LSTM). To address the prob-
lem of vanishing gradient and long-term dependency resid-
ing in RNNs [29], a special implementation of RNN, Long
Short-Term Memory (LSTM), was introduced by Hochreiter
and Schmidhuber [22].The architecture of LSTM is shown in
Figure 4.

One LSTM unit consists of an input gate (𝑖), a forget gate
(𝑓), an output gate (𝑜), and a memory cell (𝑐) which possess
the ability of remembering or forgetting the information over
potentially long periods of time. The input gate puts and
controls the input data into the memory cell. The forget-
ting gate decides what information we are going to throw
away form the memory cell. The output gate decides which
parts of data in the memory cell are going to output and
simultaneously controls the output data flow into the rest of
the network.

The step of LSTM can be described as follows: (1) the first
step in the LSTMmodel corresponds to (2) which is to decide
what information should be discarded from input data. This
decision is made by forget gate; the architecture of forget gate
is shown in Figure 5. The forget gate possesses a forgetting
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Figure 6: Architecture of the input gate in LSTM.

layer which consists of a sigmoid function. When getting the
data from previous stage ℎ𝑡−1 and input data 𝑥𝑡, the sigmoid
function outputs a number 0 or 1 for each data in the cell state
𝐶𝑡−1, the number 0 represents completely throwing it away,
while 1 represents storing it.

𝑓𝑡 = 𝜎 (𝑊𝑓𝑥𝑡 + 𝑈𝑓ℎ𝑡−1 + 𝑏𝑓) . (2)

(2)The second step is to decide what new information we
should store in the cell. The input gate consists of a sigmoid
function and a tanh function as shown in Figure 6. When the
input gate receives a new data, the sigmoid function decides
what values will be updated and the tanh function creates a
candidate values𝑔𝑡, those operations corresponding to (3). At
last, the input gate controls the candidate values to update the
cell state.

𝑖𝑡 = 𝜎 (𝑊𝑖𝑥𝑡 + 𝑈𝑖ℎ𝑡−1 + 𝑏𝑖) ,
𝑔𝑡 = tanh (𝑊𝑔𝑥𝑡 + 𝑈𝑔ℎ𝑡−1 + 𝑏𝑔) .

(3)

(3)Whenwe got the information coming from forget gate
and input gate, we can utilize (4) to update the cell state. This
operation can drop some useless information.

𝑐𝑡 = 𝑓𝑡 ∘ 𝑐𝑡−1 + 𝑖𝑡 ∘ 𝑔𝑡. (4)

(4) The fourth step is to decide what information we
should output which is based on cell state. The final result
consists of two parts, the first part comes from cell state
selected by a tanh function. The second part comes from
input data which will be selected by a sigmoid function. The
output gate is shown in Figure 7 and the computing methods
are

𝑜𝑡 = 𝜎 (𝑊𝑜𝑥𝑡 + 𝑈𝑜ℎ𝑡−1 + 𝑏𝑜) ,
ℎ𝑡 = 𝑜𝑡 ∘ tanh (𝑐𝑡) .

(5)

tanh
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xt

Ct
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Figure 7: Architecture of the output gate in LSTM.

Putting those together, the gates at discrete time 𝑡 (𝑡 =
1, 2, . . .) are computed as follows:

𝑖𝑡 = 𝜎 (𝑊𝑖𝑥𝑡 + 𝑈𝑖ℎ𝑡−1 + 𝑏𝑖) ,
𝑓𝑡 = 𝜎 (𝑊𝑓𝑥𝑡 + 𝑈𝑓ℎ𝑡−1 + 𝑏𝑓) ,
𝑜𝑡 = 𝜎 (𝑊𝑜𝑥𝑡 + 𝑈𝑜ℎ𝑡−1 + 𝑏𝑜) ,
𝑔𝑡 = tanh (𝑊𝑔𝑥𝑡 + 𝑈𝑔ℎ𝑡−1 + 𝑏𝑔) ,
𝑐𝑡 = 𝑓𝑡 ∘ 𝑐𝑡−1 + 𝑖𝑡 ∘ 𝑔𝑡,
ℎ𝑡 = 𝑜𝑡 ∘ tanh (𝑐𝑡) .

(6)

The standard LSTM architecture is just designed for one-
dimensional data. It cannot be directly applied to 2D image
data. To apply LSTM in prostate image, in our model, we
apply Convolutional LSTM (CLSTM) as convolutional layer.
This can be achieved by using a convolution operator to
replace the matrix multiplication. The core equations of
CLSTM are presented in

𝑖𝑑𝑡 = 𝜎 (𝑊𝑑𝑖 ∗ 𝑥𝑑𝑡 + 𝑈𝑑𝑖 ℎ𝑑𝑡−1 + 𝑏𝑑𝑖 ) ,
𝑓𝑑𝑡 = 𝜎 (𝑊𝑑𝑓 ∗ 𝑥𝑑𝑡 + 𝑈𝑑𝑓ℎ𝑑𝑡−1 + 𝑏𝑑𝑓) ,
𝑜𝑑𝑡 = 𝜎 (𝑊𝑑𝑜 ∗ 𝑥𝑑𝑡 + 𝑈𝑑𝑜 ℎ𝑑𝑡−1 + 𝑏𝑑𝑜 ) ,
𝑔𝑑𝑡 = tanh (𝑊𝑑𝑔 ∗ 𝑥𝑑𝑡 + 𝑈𝑑𝑔ℎ𝑑𝑡−1 + 𝑏𝑑𝑔) ,
𝑐𝑑𝑡 = 𝑓𝑑𝑡 ∘ 𝑐𝑑𝑡−1 + 𝑖𝑑𝑡 ∘ 𝑔𝑑𝑡 ,
ℎ𝑑𝑡 = 𝑜𝑡 ∘ tanh (𝑐𝑡) ,

(7)

where (∗) denotes convolution operator and ℎ is the output
of the layer; 𝑑 denotes the fact that the CLSTMworks slice by
slice in certain direction.

2.3. The Proposed Network Architecture. In order to exploit
the interslice information effectively, we introduce a Bidirec-
tional Convolutional LSTM (BDC-LSTM) layer into our deep
learning network. A BDC-LSTM layer consists of two sets of
CLSTMs to extract features as shown in Figure 8. The two
CLSTM streamswork in two opposite directions. Rather than



Complexity 5

CLSTM

CLSTM

CLSTM

CLSTM

CLSTM

CLSTM

xt−1

xt

xt+1

Figure 8:The architecture of BDC-LSTM. One BDC-LSTM layer contains two CLSTM layers working in two opposite directions. One from
𝑥𝑡+1 to 𝑥𝑡−1 and the other from 𝑥𝑡−1 to 𝑥𝑡+1. The results of two CLSTM layers are connected together as the input of next layer.
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Figure 9: Architecture of U-Net.

serializing each prostate image into sequential patches and
then leveraging Bidirectional LSTM to segment each patch,
in our method, we treat each image as a whole and three
adjacent image slices compose a sequence.

When we put one image sequence denoted by 𝑥𝑡−1, 𝑥𝑡,𝑥𝑡+1 into the BDC-LSTM layer as shown in Figure 8, the layer
will utilize interslice and intraslice information to extract
prostate features. Firstly, the layer extracts the first slice’s 𝑥𝑡−1
features. And then the result of 𝑥𝑡−1 and 𝑥𝑡 will be treated as a
shape prior combined with the later slice 𝑥𝑡 and 𝑥𝑡+1 as input
to guide the process of segmentation in turn. Simultaneously
the layer will extract features of each slice in opposite
directions from 𝑥𝑡+1 to 𝑥𝑡−1, at last, connecting the two
different features maps together as the input of next layer.

Our proposed network architecture is shown in Figure 10.
The main framework of our proposed method follows the
architecture of U-Net [30], since U-Net can successfully
extract image features for segmentation with a reasonable
network depth. As a matter of fact, U-Net has obtained
state-of-the-art performances in many biomedical image
processing tasks. For example, Milletari et al. [31] proposed a
fully convolutional neural network for volumetric medical
image segmentation, called V-Net. This model leverages the
power of U-Net to process MRI volumes. The architecture of
U-Net is shown in Figure 9.

The proposed network architecture consists of a contract-
ing path on the left, an expansive path on the right, and a
classified path on the bottom. Both the contracting path and
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Figure 10: Architecture of the proposed network.

expansive path possess 4 stages, and each stage consists of
one BDC-LSTM layer. At the end of networks one softmax
layer is added. At the contracting stage, a 2 × 2 max pooling
operation with a stride of 2 is attached for downsampling and
the number of feature channels is doubled after each stage.
On the opposite side, at the expansive stage, the first step is
upsampling, which makes the width and height of feature
maps doubled each time until they reach the size of the
original images. At the same time, upsampling also halves the
number of feature channels. To reduce information loss dur-
ing convolution, a concatenation from left contracting path to
right expansive path is made. The concatenation can provide
features extracted from early stage to late stage and also
can speed up the convergence of the network. To avoid
overfitting, dropout operations have been added at the end
of each stage.

2.4. Network Objective Function. For the prostate images, the
anatomy of interest usually occupies a very small part of
an image. This brings the problem that the networks always
ignore the segmentation parts and become biased towards the
background. This always led to the learning process trapped
in local minima. To overcome this problem, we apply the
dice coefficient as the objective function. The dice coefficient
function can pay more attention to segmentation parts
influences. The dice coefficient (DSC) [19] function between
two images can be written as

DSC (𝑆𝑎, 𝑆𝑚) = 2
𝑆𝑎 ∩ 𝑆𝑚𝑆𝑎 + 𝑆𝑚 , (8)

where 𝑆𝑎 denotes the result of automatic segmentation and
𝑆𝑚 denotes the result of manual segmentation.

In our work, the ground truth and results of segmentation
are binary images, so the dice coefficient DSC between two
binary images can be written as

DSC = 2∑𝑁𝑖 𝑝𝑖𝑞𝑖
∑𝑁𝑖 𝑝2𝑖 + ∑𝑁𝑖 𝑞2𝑖

, (9)

𝑁 denotes the total number of pixels in the image, and 𝑝𝑖,𝑞𝑖 denote the pixels from ground truth and segmentation,
respectively.

This formulation of dice can be differentiated yielding the
gradient:

𝜕𝐷
𝜕𝑝𝑗 = 2

[
[
𝑞𝑖 (∑𝑁𝑖 𝑝2𝑖 + ∑𝑁𝑖 𝑞2𝑖 ) − 2𝑝𝑗∑𝑁𝑖 𝑝𝑖𝑞𝑖

(∑𝑁𝑖 𝑝2𝑖 + ∑𝑁𝑖 𝑞2𝑖 )2
]
]
. (10)

Besides, Milletari et al. [31] have proved that the DSC are
much better than the samenetwork trainedwith a logistic loss
for overcoming the network traps in local minima.

3. Experimental Results

3.1. Materials. TheMRI prostate images used in our work as
shown in Figure 11 were acquired from 80 patients using a
Philips 3T MRI scanner with endorectal coil. The in-plane
resolution is 0.3mm × 0.3mm and interslice distance is 3
mm. Each patient image volume consists of about 26 slices.
The dimension of each 2D slice is 512 × 512 pixels.

3.2. Training Strategy. We randomly selected 76 patients from
80 patients for training and the rest of patients are utilized
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Figure 11: Parts of MRI prostate images.
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Figure 12: The 𝑧− direction and 𝑧+ direction.

for testing. During training, we put three sequential slices
denoted by 𝑥𝑡−1, 𝑥𝑡, 𝑥𝑡+1 from one patient into the net-
work. And then the BDC-LSTM layers exploit intraslice and
interslice contextual information from two directions, one
in 𝑧− direction and the other in 𝑧+ direction as shown in
Figure 12. Our network is trained end-to-end on the prostate
scans dataset. And the network framework is implemented
under the open-source deep learning library Keras [32].
Experiments are carried out on GTX1080 GPU with 8GB of
video memory and the CUDA edition is 8.0. In the training
phase, the learning rate is set as 0.0001 initially. Due to the
limit by the memory, we choose 1 as the mini-batch. And all
of the train image and ground truth have been resized to 256
× 256.

3.3. Experiments. To validate whether the deep neural net-
work with RNN layers can significantly improve the segmen-
tation accuracy, we also modify the FCNs by utilizing BDC-
LSTM layers to replace the convolutional layers within FCNs.
These testing images come with a corresponding ground
truth segmentation map which is a binary image and is used
to evaluate the performances of automatic segmentation. At
last, we compare our model with U-Net, V-Net [31], fully
convolutional networks (FCNs), andmodified FCNs. Parts of
segmentation results of our network are shown in Figure 13.

3.3.1. Qualitative Comparison. From the segmentation re-
sults, we selected some representative and challenging
images, which have fuzzy boundaries and the pixel intensity
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Figure 13: Parts of MRI prostate images segmentation results. The red and green contour denote ground truth and the result of UR-Net.

distributions are inhomogeneous both inside and outside.
In addition, both prostate and nonprostate regions in those
images have similar intensity distributions as shown in
Figure 14.

As presented in the third column, FCNs only can detect
and segment a part of prostate. And the segmentation results
are not accurate, due to the fact that the FCNs model has
assigned the labels to a small patch rather than each pixel.
Besides, the FCNs ignore the boundaries information. So the
FCNsmodel cannot be directly used in prostate segmentation
problem.

As shown in the fourth column, U-Net model has got
more accurate segmentation results than FCNs. Because U-
Net assigns each label to every pixel and the architecture of
U-Net can enhance information propagation through the
whole network and improves the network performance, for
the slices at the apex and base which lack clear boundary
and complete texture, the model cannot segment the prostate
accurately.

The results of modified FCNs are shown in the fifth
column. Compared with original FCNs, the segmentation

results of modified FCNs are more accurate. From the
results, we can see that the modified FCNs can detect more
prostate information under the guidance of previous slice.
The improvement of modified FCNs can be attributed to
the superiority of the architecture of BDC-LSTM. Compared
with the traditional convolutional layer, the BDC-LSTM layer
can obtain the losing information from adjacent slices and
enhance the performance of network.

The sixth column shows the results of V-Net. Compared
with FCNs andU-Net, V-Net can take fully use of the 3D spa-
tial information of the volumetric data. However, due to the
limited data and memory, each time, V-Net only can receive
local volume; this results in V-Net unable to obtain global
information. From Figure 14, we can see that the prostate
boundaries lose continuity and curvature.

The results of UR-Net are shown in the seventh column.
We can observe that the model achieved the best results on
prostate segmentation. It can be attributed to the fact that
prostate sequence scans can provide more information than
a single slice. And themodel utilizes interslice information to
aid the segmentation process.
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Figure 14: Segmentation results. From left to right are raw image, ground truth, the segmentation results of FCNs, U-Net, V-Net, modified
FCNs, and UR-Net.

3.3.2. Quantitative Comparison. To quantitatively evaluate
the segmentation results, we have computed segmentation
results from three aspects as shown in Table 1 including the
mean, maximum, and median DSC values. From Table 1, it
can be seen that our proposed model obtained the highest
scores among all the methods. It shows that the deep
neural network with BDC-LSTM layers can obtain promis-
ing improvements on prostate MRI images segmentation.
Besides, the modified FCNs obtain more accurate segmenta-
tion results compared with original FCNs.This improvement
should be attributed to the superiority of BDC-LSTM layers,
which utilize interslice as shape prior to guide the process
of feature extraction and explore necessary information from
interslice to alleviate information loss and finally improve the
segmentation results.

4. Conclusions

In this paper, we propose a deep neural network with RNNs
layers for MRI prostate image segmentation. Different from
traditional methods, we treat the prostate scans as sequence
data. Except for the local features, we also utilize the interslice
information to aid prostate segmentation. In the proposed
network, we put three neighboring slices into the network
once. And then the network extracts intraslice contexts under
the guidance of previous segmentation results from different
neighboring slices. Connecting the two different features
maps coming from opposite sequential directions together

Table 1: Quantitative evaluation results of the segmentation meth-
ods.

Methods DSC values
Mean Maximum Median

UR-Net 0.9361 0.9772 0.9413
Modified FCNs 0.9047 0.9428 0.9143
V-Net 0.9180 0.9642 0.9380
U-Net 0.9197 0.9684 0.9402
FCNs 0.8489 0.9128 0.8571

can alleviate features lost. Experimental results on extensive
MRI prostate image datasets demonstrate that the proposed
model achieves better performance than the state-of-the-art
convolutional neural networks.
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Recently, infrared human action recognition has attracted increasing attention for it has many advantages over visible light, that is,
being robust to illumination change and shadows. However, the infrared action data is limited until now, which degrades the
performance of infrared action recognition. Motivated by the idea of transfer learning, an infrared human action recognition
framework using auxiliary data from visible light is proposed to solve the problem of limited infrared action data. In the proposed
framework, we first construct a novel Cross-Dataset Feature Alignment and Generalization (CDFAG) framework to map the
infrared data and visible light data into a common feature space, where Kernel Manifold Alignment (KEMA) and a dual aligned-
to-generalized encoders (AGE) model are employed to represent the feature. Then, a support vector machine (SVM) is trained,
using both the infrared data and visible light data, and can classify the features derived from infrared data. The proposed method
is evaluated on InfAR, which is a publicly available infrared human action dataset. To build up auxiliary data, we set up a novel
visible light action dataset XD145. Experimental results show that the proposed method can achieve state-of-the-art performance
compared with several transfer learning and domain adaptation methods.

1. Introduction

Human action recognition aims to recognize an ongoing
action from a video clip, which has received great attention
in recent years due to its wide applications, including video
surveillance [1], video labeling [2], video content retrieval [3],
human-computer interaction [4], and sports video analysis
[5]. Over the past decades, significant progress has been
made in action recognition [6] and most of the state-of-
the-art approaches for action recognition have been put into
visible imaging videos [7–9]. In addition, many visible light
action datasets have been constructed for action recognition,
such as KTH [10], HMDB51 [11], and UCF101 [12]. Generally
speaking, human action recognition in visible light has been
well addressed and successfully applied to some applications.
However, illumination change, shadow, background clutter,
and occlusion remain to be great challenges for visible light
action recognition [13].

With the development of sensor technology, human
actions can be captured by the thermal infrared cameras
instead of the visible light ones. Compared with visible light
action recognition, infrared action recognition can solve the
aforementioned challenges [14]. For example, the infrared
thermal imaging is robust to illumination change because
it can capture humans well under poor light condition
when the person can almost not be seen in the visible
light videos, which is very useful for night surveillance or
human-computer interaction (HCI) under dim night. In
addition, as the temperatures of the shadow, background
clutter, and occlusion are relatively low compared with that
of the humans or moving objects in infrared videos, these
challenges can be well suppressed in infrared videos. With
these properties, infrared action recognition can be adopted
in more applications and outperform that in visible light.
Therefore, infrared action recognitionmay become a next hot
topic in computer vision in the future.
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Actually, infrared and visible action data lie in different
feature space and the traditional approaches for visible light
action recognition cannot be directly applied to infrared
action recognition due to the modality gap between them.
However, the methods for infrared action recognition are
limited. Furthermore, there is only one publicly available
infrared dataset InfAR [20] for action recognition until now.
As a result, the performance of infrared action recognition in
previous works is preliminary and leaves a reasonable space
to further promote its performance. To these issues, if a large
amount of previously annotated videos from various visible
light videos datasets can be transferred to infrared domains
for recognition, considerable amount of time-consuming
human efforts, such as collecting and hand labeling a large
amount of infrared action videos, can be saved. In addition, as
infrared and visible light videos may contain complementary
information, infrared action recognition performance can be
improved if the knowledge from visible light and infrared
data can be properly integrated. Nevertheless, it would have
at least two obstacles to integrate these two datasets. (1)
Infrared and visible light videos are captured by different
sensors; the strong modality gap between them will degrade
the recognition performance without effective transferable
feature representation. (2) In real-world scenario, infrared
videos are usually limited while the visible ones are abundant.
The imbalanced data distribution will also degrade the
classification performance.

Tackling these problems, a novel Cross-Dataset Feature
Alignment and Generalization (CDFAG) framework is pro-
posed for infrared action recognition task in this paper. To be
more specific, we focus on adapting, aligning, and generaliz-
ing representations from different domains to a single com-
mon feature space in order to bring the original target domain
(infrared action data) and the auxiliary source domain (vis-
ible light action data) into the same feature space. And then
we learn a unique classifier in that semantically meaningful
aligned and generalized feature space across datasets. In this
way, the modality gap between these two datasets is reduced.
To better use the data in the generalized feature space, we
adopt semisupervised technique so that both the labeled and
unlabeled data are considered in our method. In more detail,
KernelManifold Alignment (KEMA) [15] is adapted to cross-
dataset action recognition to generate aligned representations
and then cross-domain generalized features are learnt by
training twonovel aligned-to-generalized encoders (AGE) on
the source and target datasets in parallel. To build up source
domain data, we set up a new visible light action dataset called
XD145. Putting all the things together, we can summarize the
main contributions of this paper as follows:

(i) We have proposed a novel Cross-Dataset Feature
Alignment and Generalization (CDFAG) framework
to address the visible-to-infrared action recognition
problem. It can efficiently reduce the modality gap
across datasets and generate aligned and generalized
feature representations in a common space with low
intraclass diversity and high interclass variance.

(ii) It is the first time Kernel Manifold Alignment
(KEMA) is applied in infrared action recognition

field to generate aligned representations in a common
latent space.

(iii) We have designed a novel aligned-to-generalized
encoder (AGE) model to learn generalized feature
representations after feature alignment by KEMA.

(iv) We achieved state-of-the-art results in visible-to-
infrared action recognition compared with several
transfer learning, domain adaptation, and deep learn-
ing based methods.

(v) Since there are a limited number of action videos from
existing benchmark visible light datasets which share
the same class label with that of the InfAR dataset,
we have constructed a new visible light action dataset
called XD145 to build up auxiliary source domain
data. And this dataset could be further utilized as the
benchmark visible light action dataset.

The rest of the paper is organized as follows. In Section 2,
we review some background and related works. In Sec-
tion 3, we explain details of our proposed method. Section 4
presents the experimental results of our proposed method
on visible-to-infrared action recognition and cross-dataset
action recognition, and finally Section 5 draws the conclusion
and future research lines.

2. Related Work

In this section, we present the background and related works.
We briefly review the concepts, methods in transfer learning
and domain adaptation, their benefits in cross-domain action
recognition, and the development status of infrared action
recognition.

2.1. Transfer Learning and Domain Adaptation. The classical
pattern recognition and machine learning tasks [21–23]
mainly adopt a robust classifier learnt by annotated training
data and assume the testing data and the training data belong
to the same feature space or distribution. However, it is
unrealistic in real-world applications because of the high
price of manual labeling training samples and environmental
restrictions. Therefore, sufficient training data that share the
same feature space or distribution with the testing data can-
not always be guaranteed even using some feature selection
methods [24, 25] without considering the distribution gap. In
this case, the potential discriminability of the trained model
can be limited by the insufficient training data. Of the several
schools of thought addressing this problem, two prominent
ones are transfer learning [26] and domain adaptation [27].
In fact, transfer learning methods are closely related but not
equivalent to domain adaptation. Transfer learning aims to
transfer the knowledge from a source domain to the target
domain while domain adaptation methods are essentially
solving transfer learning problems. Surveys like [26] show
that the type of knowledge being transferred can be roughly
classified into four categories: (1) instance transfer, (2)
feature-representation transfer, (3) parameter transfer, and(4) relational-knowledge transfer. Our proposedmethod falls
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into feature-representation transfer by adapting the represen-
tations from different domains to a single common latent
space. The literature of feature-representation transfer can
be roughly divided into three kinds of adaptation problems:
supervised, unsupervised, and semisupervised adaptation
problems, depending on the availability of labels in different
domains.

Semisupervised domain adaptation has attracted much
attention in recent years. For example, a reconstruction-
based domain adaptationmethod called latent sparse domain
transfer (LSDT) was proposed in [28] for visual categoriza-
tion of heterogeneous data via subspace learning and sparse
representation. A 𝑙2,1-norm based discriminative robust ker-
nel transfer learning (DKTL) method was proposed in
[29] to address distribution mismatch problem of image
classification across domains. Although the methods in
[28, 29] achieve good performance in cross-domain image
classification, to the best of our knowledge, a more chal-
lenging problem of visible-to-infrared cross-dataset action
recognition was not studied. Extreme learning machine was
used in [30] to address the visual knowledge adaptation
problem for video event recognition and object recognition.
It should be noted that the proposed method is based on
feature-representation domain adaption, which is essentially
different from the extreme learningmachinemethods, which
are classifier-based domain adaptation approaches. Apart
from the methods mentioned above, manifold alignment
is an important kind of semisupervised domain adaptation
methods, which concurrently matches the corresponding
samples and preserves the geometry of each domain by graph
Laplacian [31]. Actually, datamanifolds alignment boils down
to finding projections to a common latent space. Semisuper-
vised method Kernel Manifold Alignment (KEMA) was pro-
posed in [15] and has been successfully applied tomultimodal
visual object recognition [15], multisubject facial expression
recognition [15], and multitemporal remote sensing image
classification [32]. Nevertheless, Kernel Manifold Alignment
(KEMA) method has not been applied in cross-domain
human action recognition. Therefore, we have studied the
effectiveness of the Kernel Manifold Alignment (KEMA)
and adapted it to visible-to-infrared action recognition to
obtain aligned feature representations across datasets. The
main focus of our work is on the use of KEMA for feature
alignment in visible-to-infrared action recognition which
was not addressed in [15].

2.2. Cross-Domain Action Recognition via Transfer Learning.
With the development of action recognition, applying
transfer learning to action recognition datasets generated
by different sensors such as visible light cameras, infrared
cameras, RGB-D cameras, wearable sensors, or other sensor
modalities has received great interests in recent years [33]. As
video sequences are themost common type of action datasets,
the difference in manipulating and deploying the camera to
capture actions leads to different issues, for example, various
camera viewing angles, cluttered background, illumination
changes, and different light spectrums such as visible light
spectrum and infrared spectrum, and all contribute to

significant variance in the captured videos. Therefore, action
recognition especially cross-domain action recognition is a
challenging problem.

Transferring knowledge for cross-view action recognition
is prevailing [34]. For example, Zheng et al. [35] proposed
learning a pair of dictionaries simultaneously from videos
pairs taken at different views to encourage each video pair
to have the same sparse representation. Zhang et al. [36]
proposed a linear transformation to transform source view to
target view via virtual path.Wu et al. [37] proposed a method
to discover a discriminative common representation space
where source and target views are linked and knowledge
is transferred between them. Sui et al. [38] introduced
two different projection matrices to map the action data
from two different views into the common space with
low intraclass diversity and high interclass variance and
reducing the mismatch between them. Zu and Zhang [39]
introduced a method called Canonical Sparse Cross-view
Correlation Analysis to address multiview feature extraction
problem. Different from the above-mentioned cross-view
action recognition problems, we tackle the visible-to-infrared
action recognition problem, which is essentially a cross-
dataset action recognition problem.

In recent works about cross-dataset action recognition,
Bian et al. [40] proposed a transfer topic model (TTM)
which utilized information from the auxiliary domain to
assist recognition tasks in the target domain. Zhu and Shao
[18] introduced a weakly supervised cross-domain dictionary
learning (WSCDDL) approach which learns a reconstructive,
discriminative, and domain-adaptive dictionary pair and
the corresponding classifier parameters to address cross-
domain image classification, action recognition, and event
recognition problems. Tang et al. [41] improved the accuracy
of action recognition in RGB videos by activating the bor-
rowing of visual knowledge across different video modalities
such as RGB videos, the depth maps, and the skeleton data
of actions. Liu et al. [42] proposed a simple to complex
action transfer learning model (SCA-TLM) to leverage the
abundant labeled simple actions to improve the performance
of complex action recognition. Although these works can
achieve promising results in their related fields, visible-to-
infrared action recognition has not attracted much attention
until now.

With the revival of neural networks in recent years,
many neural networks based transfer learning methods have
been proposed as well. Kan et al. [43] proposed bishifting
autoencoder network (BAE) to alleviate the discrepancy
between source and target domains and evaluate its effec-
tiveness in face recognition. Xu et al. [19] tackled the cross-
dataset action recognition problem by training a pair of
many-to-one encoders in parallel to map raw features from
the source and target datasets to the same space. Although
dual many-to-one encoder in [19] can generalize features
well across datasets, it requires a large number of labeled
training samples from both source and target datasets to
learn domain-invariant features without utilizing auxiliary
domain data as an aide. In addition, the inputs of the encoders
are raw action features named action bank features without
considering feature alignment in advance. Different from the
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Figure 1: The framework of cross-dataset feature alignment and generalization (CDFAG). Top: training. Bottom: testing.

above-mentioned neural networks based transfer learning
methods, we take both feature alignment and auxiliary
domain data into consideration and propose a novel aligned-
to-generalized encoder (AGE) model to map the aligned
feature representations to the same generalized feature space
with low intraclass diversity and high interclass variance.

2.3. Infrared Action Recognition. Basically, most of the cur-
rent research efforts for action recognition have been put in
visible light videos while infrared action recognition has not
attracted much attention. Recently, increasing efforts have
been devoted to infrared action recognition. For example,
Han and Bhanu [44] proposed an efficient spatiotemporal
representation for human repetitive action recognition under
thermal infrared scenarios. Han and Bhanu [14] introduced a
hierarchical scheme to combine color and thermal images to
improve human silhouette detection. Eum et al. [45] used hog
and support vector machine to realize infrared action recog-
nition at night. However, these works focus on simple actions
under relatively simple environment with limited infrared
data. In addition, there is no publicly available infrared action
recognition dataset until Gao et al. [13] built the first public
infrared action recognition dataset called InfAR. In [13],
state-of-the-art action recognition pipelines including widely
used low-level local descriptors were evaluated in InfAR
dataset. Then Gao et al. [20] extended their previous work
[13] and utilized several state-of-the-art pipelines based on
low-level features and deep convolutional neural network
to evaluate their new infrared action recognition dataset
(InfAR). However, the best recognition accuracy in [20]
is relatively low and leaves a reasonable space to further
promote the performance on InfAR dataset.

Actually, transfer learning has seldom been applied to
infrared action recognition. For example, Zhu and Guo
[46] proposed applying adaptive support vector machine (A-
SVM) [47] to adapt the existing visible light action classifier

to classify infrared actions and achieved preliminary results
in their own dataset. Although the adaptive support vector
machine (A-SVM) based method in [46] can perform better
than direct matching, A-SVM is essentially a classifier-
transfer based method without considering the max-margin
property for the adapted classifier on target instances; there-
fore it faces accuracy degradation as a result of overfitting.

Our proposed method differs from the above-mentioned
approaches in such aspects that it more comprehensively
projects and aligns data fromdifferent domains in a nonlinear
way through kernelization to generate aligned representa-
tions and learns a dual aligned-to-generalized encoders to
obtain cross-domain generalized features while considering
both the discriminability and domain adaptability at the same
time. In our proposed CDFAG, the learned classifier across
source domain and target domain becomes more discrim-
inative against modality gap because of the integration of
both source and target domain knowledge, while a majority
of previous transfer learning methods focus on incomplete
target domain without utilizing other domain data as an aide
to improve the performance of original recognition systems.
We will detail our proposed method in Section 3.

3. The Proposed Method

In this section, we detail our proposed CDFAG. An overview
of the CDFAG is presented in Figure 1. Actually, the proposed
CDFAG is semisupervised as both the labeled and the
unlabeled data are used in source and target training sets. Our
proposed CDFAG consists of three stages. In the first stage,
feature extraction and encoding are accomplished onboth the
source and target datasets, where improved dense trajectories
(iDTs) features are extracted, encoded, and reduced to a low-
dimensional subspace. In the second stage, aligned features of
source and target domains are generated by Kernel Manifold
Alignment, then a pair of aligned-to-generalized encoders are
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trained on the source and target datasets in parallel guided
by the centroids of training aligned instances from each class,
and after that the output values of the encoders are extracted
as the ultimate generalized representations. Finally, a support
vector machine is built on the generalized features extracted
from both the source and target datasets and then used to
classify the new features extracted from unseen samples of
the target dataset.

3.1. Preprocessing

3.1.1. Feature Extraction and Encoding. In this paper, we
choose improved dense trajectories (iDTs) [48] features with
trajectory shape, HOF, MBHx, and MBHy as the low-level
action video representation. The total length of the feature
vector is 330. Specifically, we use the implementation released
on the website of Wang (https://lear.inrialpes.fr/people/
wang/improved trajectories/) for iDTs and choose the default
parameter setting. For iDTs, a large number of local trajectory
descriptors may lead to high computational complexity and
memory consumption. To cope with this issue, we adopt
Locality-constrained Linear Coding (LLC) [49] scheme to
represent the iDTs by multiple bases, which can bring
less quantization error while preserving the local smooth
sparsity. Taking both efficiency and the construction error
into consideration, LLC encoding scheme is applied to the
iDTswith 5 local bases, and the codebook size is set to be 4000
for all training-testing partitions. Thus, the dimension of the
encoded iDTs features is 4000. To reduce the complexity
when constructing the codebook, only 200 local iDTs are
randomly selected from each video sequence.

3.1.2. Principal Component Analysis. After LLC encoding,
the feature representations are still high dimensional and
strongly correlated. To obtain more compacted feature rep-
resentation, we utilize principal component analysis (PCA)
[50] to preprocess these features. In our method, we retain
top 𝑝 principal components such that the cumulative corre-
sponding eigenvalues cover over 99% of the total eigenvalues.
In our experiments, this reduces feature dimension down to
the range of 500 to 600, varying between datasets.

3.2. Feature Alignment by Kernel Manifold Alignment. In this
section, we detail the feature alignment method based on
Kernel Manifold Alignment (KEMA). An illustration of how
feature alignment functions is shown in Figure 2.

3.2.1. Notation. Tofixnotation,we considerK input domains.
The data instances of each domain belong to c different
classes. Let 𝑋𝑘 = (𝑥1𝑘, . . . , 𝑥𝑚𝑘𝑘 ) represent the 𝑘th input
domain, where 𝑚𝑘 is the number of samples in the 𝑘th
domain. The idea of kernelization is to map the input data
instance into a high dimensional Hilbert space H with the
mapping function 𝜙 : x → 𝜙(x) ∈ H such that the mapped
data is better suited for solving our problem linearly. Kernel
trick is adopted in our method to avoid high computational
load. Therefore, we define a kernel function K𝑖𝑗 = 𝐾(xi, xj) =⟨𝜙(xi), 𝜙(xj)⟩H computing the similarity between mapped
instances without having to compute 𝜙(⋅) explicitly. Many

common types of kernel functions can be adopted in KEMA,
such as the RBF kernel, the linear kernel, and the polynomial
kernel. In this paper, we use the RBF kernel. Considering
multiple data modalities here, we would have to map the 𝐾
datasets to 𝐾 Hilbert spaces H𝑘 of dimension 𝐻𝑘, 𝜙𝑘(⋅) :
x → 𝜙𝑘(x) ∈ H𝑘, 𝑘 = 1, . . . , 𝐾.

3.2.2. Kernel Manifold Alignment (KEMA). The KEMA
method aims to construct 𝐾 domain-specific projection
functions, 𝑓1, 𝑓2, . . . , 𝑓𝐾, to project the data in Hilbert space
from all 𝐾 domains to a new common latent space, on which
the instances’ topology of each domain is preserved, the
instances from the same classes will locate nearly, and the
ones from different classes will be far from each other. To
do so, KEMA aims to find a data projection matrix 𝐹 =[𝑓1, 𝑓2, . . . , 𝑓𝐾]⊤ that minimizes the following cost function:

{𝑓1, 𝑓2, . . . , 𝑓𝐾} = arg min
𝑓1 ,𝑓2 ,...,𝑓𝐾

(𝐶 (𝑓1, 𝑓2, . . . , 𝑓𝐾))
= arg min

𝑓1 ,𝑓2,...,𝑓𝐾
(𝜇TOP + (1 − 𝜇) SIM

DIS
) , (1)

where TOP, SIM, and DIS denote the topology, class simi-
larity, and class dissimilarity, respectively. 𝜇 is a parameter
balancing the contribution of the similarity and the topology
terms. As 𝜇 ∈ [0, 1], we can see that when 𝜇 > 0.5, more
importance is given to topology and vice versa. The three
terms are defined as follows:

(1) Minimizing a topology-preservation term, TOP,
which aims to preserve the local topology of each data
domain:

TOP = 𝐾∑
𝑘=1

𝑚𝑘∑
𝑖,𝑗=1

f⊤𝑘 𝜙𝑘 (x𝑖𝑘) − f⊤𝑘 𝜙𝑘 (x𝑗𝑘)2𝑊𝑘𝑡 (𝑖, 𝑗)
= tr (F⊤ΦL𝑡Φ⊤F) ,

(2)

where 𝑊𝑘𝑡 in the similarity matrix representing the
similarity of 𝑥𝑖𝑘 and 𝑥𝑗𝑘, which can be computed as
𝑒−‖𝑥𝑖𝑘−𝑥𝑗𝑘‖2 . 𝐿 𝑡 ∈ R(∑𝑘𝑚𝑘)×(∑𝑘𝑚𝑘) is the graph Laplacian
matrix issued from 𝐿 𝑡 = 𝐷𝑡 − 𝑊𝑡 while 𝐷𝑡 is
the diagonal row sum matrix defined as 𝐷𝑡(𝑖, 𝑖) =∑𝑗𝑊𝑡(𝑖, 𝑗).

(2) Minimizing a class similarity term, SIM, which
encourages the locations of instances with the same
class label to be close with each other in the new latent
space:

SIM

= 𝐾∑
𝑘,𝑘=1

𝑚𝑘,𝑚𝑘∑
𝑖,𝑗=1

f⊤𝑘 𝜙𝑘 (x𝑖𝑘) − f⊤𝑘𝜙𝑘 (x𝑗𝑘)2𝑊𝑘,𝑘𝑠 (𝑖, 𝑗)
= tr (F⊤ΦL𝑠Φ⊤F) ,

(3)

where 𝑊𝑘,𝑘𝑠 in the similarity matrix is set to be 1
if two instances from domains 𝑘 and 𝑘 share the

https://lear.inrialpes.fr/people/wang/improved_trajectories/
https://lear.inrialpes.fr/people/wang/improved_trajectories/
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Figure 2: Illustration of feature alignment in a visible-to-infrared action recognition setting. Circles in different colors represent different
action classes.

same class label and 0 otherwise (including the case
when the label information is not available). The
corresponding diagonal row summatrix is defined as𝐷𝑠(𝑖, 𝑖) = ∑𝑗𝑊𝑠(𝑖, 𝑗) and the graph Laplacian matrix𝐿 𝑠 = 𝐷𝑠 − 𝑊𝑠.

(3) Maximizing a class dissimilarity term, DIS, which
encourages instances with different class labels to be
separated in the new latent space,

DIS

= 𝐾∑
𝑘,𝑘=1

𝑚𝑘,𝑚𝑘∑
𝑖,𝑗=1

f⊤𝑘 𝜙𝑘 (x𝑖𝑘) − f⊤𝑘𝜙𝑘 (x𝑗𝑘)2𝑊𝑘,𝑘𝑑 (𝑖, 𝑗)
= tr (F⊤ΦL𝑑Φ⊤F) ,

(4)

where 𝑊𝑘,𝑘𝑑 in the dissimilarity matrix is set to be
1 if two instances from domains 𝑘 and 𝑘 are from
different classes and 0 otherwise (including the case
when the label information is not available). The
corresponding diagonal row summatrix is defined as

𝐷𝑑(𝑖, 𝑖) = ∑𝑗𝑊𝑑(𝑖, 𝑗) and the graph Laplacian matrix𝐿𝑑 = 𝐷𝑑 − 𝑊𝑑.
Given (2)–(4), the optimization problem is formalized as

follows:

arg min
𝑓1 ,𝑓2 ,...,𝑓𝐾

tr(F⊤Φ (𝜇Lt + (1 − 𝜇) Ls)Φ⊤F
F⊤ΦLdΦ⊤F

) . (5)

It is straightforward that the solution of (5) boils down to
finding the 𝑛 lowest eigenvalues of the following generalized
eigenvalue decomposition [51]:

Φ (𝜇L𝑡 + (1 − 𝜇) L𝑠)Φ⊤F = 𝜆ΦL𝑑Φ⊤F, (6)

where Φ is a matrix containing the matrices Φ𝑘 =[𝜙𝑘(x1𝑘), . . . , 𝜙𝑘(x𝑚𝑘𝑘 )]⊤ in a block diagonal form and F con-
tains the row eigenvectors for the particular domain defined
in Hilbert space H𝑘, where F = [f1, f2, . . . , f𝐻]⊤, 𝐻 =∑𝐾𝑘=1𝐻𝑘, and 𝜆 is the eigenvalues of the generalized eigen-
value decomposition problem. Note that Φ and F are high
dimensional and cannot be explicitly computed. Therefore,
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the eigenvectors are expressed as a linear combination of
mapped instances using the Riesz representation theorems
[52] and f𝑘 = Φ𝑘𝛼𝑘 and inmatrix notation F = ΦΛ. In (6), by
multiplying both sides byΦ⊤ and replacing the dot products
with the corresponding kernel matrices, Kk = Φ⊤𝑘Φ𝑘, the
final solution is obtained:

K (𝜇L𝑡 + (1 − 𝜇) L𝑠)KΛ = 𝜆KL𝑑KΛ, (7)

where K is a matrix containing the kernel matrices K𝑘 in a
block diagonal form.The block structure of projectionmatrix
Λ is as follows:

Λ = [[[[
[

𝛼1...
𝛼𝐾

]]]]
]

=
[[[[[[[[[[[[[
[

𝛼1,1 ⋅ ⋅ ⋅ 𝛼1,n... d
...

𝛼n1 ,1 ⋅ ⋅ ⋅ 𝛼n1 ,n𝛼𝑛1+1,1 ⋅ ⋅ ⋅ 𝛼𝑛1+1,𝑛... d
...

𝛼𝑛,1 ⋅ ⋅ ⋅ 𝛼𝑛,𝑛

]]]]]]]]]]]]]
]

, (8)

where the eigenvectors for the first domain are highlighted in
bold.

Once the projection matrix Λ is obtained, the instance x𝑖𝑘
from 𝑘th domain can be projected to the new latent space
by first mapping x𝑖𝑘 to its corresponding kernel form K𝑖𝑘 and
then applying the corresponding projection vector𝛼𝑘 defined
therein:

𝑃 (x𝑖𝑘) = f⊤𝑘 Φ
𝑖
𝑘 = 𝛼⊤𝑘Φ⊤𝑘Φ𝑖𝑘 = 𝛼⊤𝑘K𝑖𝑘, (9)

where K𝑖𝑘 is a kernel evaluations vector between instance
x𝑖 and all instances from 𝑘th domain used to define the
projections 𝛼𝑘. Similar to eigenvalue decomposition based
methods, the data can be projected onto a lower-dimensional
subspace by simply preserving the first 𝑝 columns of 𝛼𝑘,
where 𝑛 = ∑𝑘 𝑛𝑘 is the total number of samples involved in
the kernel matrices and 𝑝 ≪ 𝑛. In this sense, KEMA leaves
some control on the dimensionality of the latent space for
feature alignment.

In this paper, the number of input domains 𝐾 is set to 2
because there is only one target domain (infrared dataset) and
one source domain (visible light dataset) in our experiments.

3.3. Feature Generalization by Aligned-to-Generalized Encod-
ers. Due to the huge modality gap between infrared and
visible light data, a unified subspace may not exist when
only using KEMA to align features from both domains.
To be more specific, KEMA holds the assumption that a
unified aligned space for both the source and the target
domain exists. This assumption is too strict and may be
invalid for some cases.Therefore, we relax this strict assump-
tion and learn transferable feature representations across
infrared and visible domains in a hierarchical way. With
the obtained aligned representation, aligned-to-generalized
encoders (AGE) model is adopted to force the outputs to be
identical to the input aligned instances from the same action

class. The AGE is trained by the guidance of the identical
representation of the same action class, where intraclass
diversities areminimized and generalized representations are
generated across datasets. In this section, we present the
architecture and details of the proposed AGE.

3.3.1. Target Output Generation. The centroid of each action
class is used as the target output, which is computed by aver-
aging over instances’ aligned feature representations in each
class. Let 𝑋𝑖𝑠,𝑐 and 𝑋𝑗𝑡,𝑐 denote the aligned representations of𝑖th and 𝑗th training instances from class c in the source and
target dataset, respectively, and the target output for instances
from class c is defined as follows:

𝑇𝑐 = 1𝑁𝑠,𝑐 + 𝑁𝑡,𝑐 (𝑁𝑠,𝑐∑
𝑖=1

𝑋𝑖𝑠,𝑐 +
𝑁𝑡,𝑐∑
𝑗=1

𝑋𝑗𝑡,𝑐) , (10)

where 𝑁𝑠,𝑐 and 𝑁𝑡,𝑐 denote the total number of instances of
class 𝑐 from the source and target datasets.

3.3.2. Encoders Training. At the feature generalization stage,
a pair of aligned-to-generalized encoders are trained on the
source and target datasets in parallel. For instances, with
the same action class label, the target outputs of the two
aligned-to-generalized encoders are identical, which forces
the two aligned-to-generalized encoders to generalize to
varying inputs and guide outputs of the same class instances
to be similar. In this sense, aligned instances with the
same class label from two datasets are mapped to the same
feature space [36, 53] with low intraclass diversity [19] and
then generalized and discriminative representations of the
instances are generated across datasets.

In this section, we demonstrate the benefits of using a pair
of aligned-to-generalized encoders for feature generalization
in visible-to-infrared action recognition. The architecture of
the aligned-to-generalized encoders (AGE) is illustrated in
Figure 3.TheAGE are essentially fully connected feedforward
neural networks with an input layer, a hidden layer, and an
output layer. Although the intuition that a deeper network
architecture with more than one hidden layer can learn
more robust and discriminative representations, it has been
shown that carefully configured and trained single-hidden-
layer neural networks can also achieve good performance in
many tasks [19, 54], which is validated in our experiments as
well. In addition, the architectures of the AGE trained on the
source and target datasets are identical.

After feature extraction and encoding, the training videos
from both datasets are represented by iDTs features encoded
by LLC, which are then reduced to a low-dimensional
subspace via PCA.Then, theKEMAmethod is applied tomap
the raw feature representations of instances from two datasets
to the common latent space to obtain aligned features, shown
in Figure 3. For simplicity, we denote one training aligned
instance as 𝑥𝑖 with dimension 𝐿. Therefore, both aligned-to-
generalized encoders have an input layer of size 𝐿, a hidden
layer of size 𝐻, and an output layer of size L, where L is the
length of the ultimate aligned output feature vector and𝐻 and𝐿 are user defined parameters. In this work, we empirically



8 Complexity

Source domain

Target domain

XD_145 
visible light action dataset

InfAR 
infrared action dataset

12 classes

12 classes

Labeled instances

Unlabeled instances in target domain
Unlabeled instances in source domain

iDTs + LLC
+ PCA

iDTs + LLC
+ PCA

Common latent space Aligned 
source 
features

Aligned source and
target features

Aligned 
target 

features

... ...

...

... ......

Generalized
source
features

Generalized
target
features

Aligned-to-generalized encodersKernel Manifold Alignment
Encoder 1

Encoder 2

fight, hug,
Class centroids

punch, . . . , walk

f1 f2

W1, b1 W2, b2

f
1 f

2

W
1 , b


1 W

2 , b

2

Targetg  domain

XD_145 
sible light action datas

Figure 3: Illustration of aligned-to-generalized encoders generalizing aligned features across visible light and infrared action datasets.

restrict 𝐻 to be equal to 𝐿 and experimented with hidden
layer sizes that range from 50 to 500 in Section 4.4.3.

Although both aligned-to-generalized encoders have the
same architecture, they have different parameters. The goal
of training the two encoders in parallel is to find a mapping
between training aligned instances and target generalized
outputs. Take the source encoder as an example; the mapping
is accomplished via 𝑓1 : R𝐿 → R𝐻 and 𝑓2 : R𝐻 → R𝐿. 𝑓1
and 𝑓2 are defined as follows:

𝑓1 (𝑥𝑖) = 𝑠 (𝑊1𝑥𝑖 + 𝑏1) ,
𝑓2 (𝑓1 (𝑥𝑖)) = 𝑠 (𝑊2𝑓1 (𝑥𝑖) + 𝑏2) , (11)

where 𝑠(⋅) is the activation function and 𝑊1, 𝑏1, 𝑊2, and 𝑏2
are the parameters for 𝑓1 and 𝑓2, respectively. The encoder
parameters are indicated in Figure 3. Given a hidden layer
size𝐻, the weights and biases in both encoders are initialized
with random numbers drawn from a uniform distribution
ranging between 0 and 1. The sigmoid function was used as
the activation function:

𝑠 (𝑥) = 11 + 𝑒−𝑥 . (12)

The objective functions are defined as follows:

𝐽 = 12𝑁
𝑁∑
𝑖=1

𝑇𝑖 − ℎ𝑊1 ,𝑏1 ,𝑊2,𝑏2 (𝑥𝑖)22
= 12𝑁

𝑁∑
𝑖=1

𝑇𝑖 − 𝑓2 (𝑓1 (𝑥𝑖))22
= 12𝑁

𝑁∑
𝑖=1

𝑇𝑖 − 𝑠 (𝑊2𝑠 (𝑊1𝑥𝑖 + 𝑏1) + 𝑏2)22 ,
(13)

where𝑓1(⋅) and𝑓2(⋅) are defined in (11), 𝑊1,𝑊2, 𝑏1, and 𝑏2 are
the weights and biases of the encoder, and 𝑁 is the number
of training instances.

Stochastic gradient descent was utilized to minimize the
objective function 𝐽 by iteratively updating the weights and
biases. For example, 𝑊1 is updated as follows:

Δ𝑊1 (𝑡 + 1) = 𝜂𝛿𝐽𝑡+1𝛿𝑊1 + 𝜌Δ𝑊1 (𝑡) ,
𝑊1 (𝑡 + 1) = 𝑊1 (𝑡) − Δ𝑊1 (𝑡 + 1) ,

(14)

where Δ𝑊1(𝑡+1) is the update to 𝑊1 at the (𝑡+1)th iteration,𝐽𝑡+1 is the objective function value at the (𝑡 + 1)th iteration, 𝜂
denotes the learning rate, and 𝜌 denotes the momentum. 𝑊2,𝑏1, and 𝑏2 are updated in a similar way.

In our method, the trained values of the output layer
are extracted as the ultimate generalized features. When the
objective function 𝐽 is minimized, the output values of the
encoder are approximate solutions staying close to the target
outputs instead of being identical to the predefined target
outputs. Therefore, the final features extracted from aligned
instances of the same action class, from both the source
and the target datasets, would lie in the same cluster with
small intraclass diversity and high interclass variance. This
phenomenon will be illustrated in Section 4.4.2.

To make it clear, the proposed CDFAG is summarized in
Algorithm 1.

3.4. Classification. Due to the lack of infrared data, directly
using neural network for classifying may lead to overfitting.
Therefore, we just use the AGE as a feature extractor rather
than a classifier to avoid overfitting. In our experiments, we
use multiclass support vector machine (SVM) as a classifier
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Input:
Raw features 𝑋 = {𝑋𝑘 | 𝑋𝑘 = (x1𝑘, . . . , x𝑚𝑘𝑘 ), 𝑋𝑘 ∈ R𝑑𝑘×𝑚𝑘 , 𝑘 = 1, . . . , 𝐾}, the number of input data domains 𝐾, dimension
of common latent subspace 𝑛, trade-off parameter 𝜇 = 0.1, maximum iterations 1000, input layer size L, output layer size
L, hidden layer size H, learning rate 0.1, momentum 0.9 and 𝑊1, 𝑊1 , 𝑏1, 𝑏1, 𝑊2, 𝑊2 , 𝑏2, 𝑏2 are randomly initialized.
Feature alignment:

(1) Map the raw features from 𝐾 datasets to 𝐾 Hilbert spaces:
Φ = {Φ𝑘 | Φ𝑘 = [𝜙𝑘 (x1𝑘) , . . . , 𝜙𝑘 (x𝑚𝑘𝑘 )]⊤ , 𝑘 = 1, . . . , 𝐾} .

(2) Construct graph Laplacian matrices L𝑡, L𝑠 and L𝑑 defined in Section 3.2.2.
(3) Compute the mapping functions (𝑓1, 𝑓2, . . . , 𝑓𝐾) by finding the 𝑛 smallest eigenvalues of the generalized eigenvalue problem:

K (𝜇L𝑡 + (1 − 𝜇) L𝑠)KΛ = 𝜆KL𝑑KΛ.
(4) Apply (𝑓1, 𝑓2, . . . , 𝑓𝐾) to map 𝐾 input datasets to the new 𝑛 dimensional common latent space to obtain aligned features:𝑃 = {𝑃 (x𝑖𝑘) | 𝑃 (x𝑖𝑘) = f⊤𝑘 Φ

𝑖
𝑘 = 𝛼⊤𝑘Φ⊤𝑘Φ𝑖𝑘 = 𝛼⊤𝑘K𝑖𝑘, 𝑘 = 1, . . . , 𝐾, 𝑖 = 1, . . . , 𝑚𝑘} .

Feature generalization:
(5) Calculate the target outputs of aligned-to-generalized encoders from class c:

𝑇𝑐 = 1𝑁𝑠,𝑐 + 𝑁𝑡,𝑐 (𝑁𝑠,𝑐∑
𝑖=1

𝑋𝑖𝑠,𝑐 +
𝑁𝑡,𝑐∑
𝑗=1

𝑋𝑗𝑡,𝑐),

𝑋𝑖𝑠,𝑐 and 𝑋𝑗𝑡,𝑐 denote the aligned features of 𝑖th and 𝑗th training instances from class c in the source and target dataset.
(6) for iter = 1 to 1000 do
(7) Minimize objective function:𝐽 = (1/2𝑁) ∑𝑁𝑖=1 ‖𝑇𝑖 − ℎ𝑊1 ,𝑏1 ,𝑊2 ,𝑏2 (𝑥𝑖)‖22 for both encoders in parallel via stochastic gradient descent.
(8) end for
(9) Take the activations of aligned-to-generalized encoders as the final generalized features.
Output:

Generalized features 𝑋∗ = {𝑋∗𝑘 | 𝑋∗𝑘 = (𝑥∗𝑘,1, . . . , 𝑥∗𝑘,𝑚𝑘 ), 𝑋∗𝑘 ∈ R𝐿×𝑚𝑘 , 𝑘 = 1, . . . , 𝐾} across different datasets.
Algorithm 1: Framework of Cross-Dataset Feature Alignment and Generalization (CDFAG).

rather than softmax in AGE because SVM classifier could
obtain better results, which has been validated in [55, 56].
To perform visible-to-infrared action classification, a SVM
classifier with RBF kernel is trained on generalized features
extracted from both visible light (source) and infrared (tar-
get) datasets and tested on generalized features extracted
from unseen instances from infrared (target) dataset, as
shown in the bottom of Figure 1. In Section 4, we will show
that such classification scheme can effectively classify unseen
action data in target dataset. This can be attributed to the
successful knowledge transfer from the source domain to the
target domain by our proposed CDFAG. To make it clear, the
testing procedure of our proposed CDFAG is summarized in
Algorithm 2.

4. Experimental Results

In this section, we present our experimental results on the
benchmark dataset. We will start with describing the individ-
ual datasets, followed by details of our experimental settings.

4.1. Datasets. The InfAR dataset (https://sites.google.com/
site/gaochenqiang/publication/infrared-action-dataset/) and
the XD145 dataset (the dataset will be available at: https://sites
.google.com/site/yangliuxdu/) are used for the visible-to-
infrared action recognition task, where the XD145 dataset is
used as the source domain and the InfAR dataset is used as
the target domain.

(A) InfAR
The InfAR dataset [20] consists of 600 video
sequences captured by infrared thermal imaging

cameras. As shown in Figure 4, fight, handclapping,
handshake, hug, jog, jump, punch, push, skip, walk,
wave 1 (one-hand wave), and wave 2 (two-hand wave)
are included in the dataset, where each action class
has 50 video clips and each clip lasts 4 s in average.
The frame rate is 25 fps and the resolution is 293 ×
256. Each video contains one or multiple actions
performed by one or several persons. Some of them
are interactions between multiple persons, shown in
Figure 4.

(B) XD145
We build a visible light action dataset, named XD145,
following the approach to construct an action recog-
nition dataset from the visible spectrum [57]. In cor-
respondencewith the target domain action categories,
both the XD145 and the InfAR dataset have the same
action categories, as shown in Figure 5. The XD145
action dataset consists of 600 video sequences cap-
tured by visible light cameras and there are 50 video
clips for each action class. All actions were performed
by 30 different volunteers. Each clip lasts for 5 s in
average. The frame rate is 25 fps and the resolution
is 320 × 240. As shown in Figure 5, the background,
pose, and viewpoint variations are considered when
constructing the dataset in order to make our dataset
more representative for real-world scenarios.

Figure 6 illustrates sample actions from the InfAR and
the XD145 datasets. As can be seen in the figure, these action
videos are captured in two different light spectra and they

https://sites.google.com/site/gaochenqiang/publication/infrared-action-dataset/
https://sites.google.com/site/gaochenqiang/publication/infrared-action-dataset/
https://sites.google.com/site/yangliuxdu/
https://sites.google.com/site/yangliuxdu/
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Input:
Raw features of testing samples in target dataset 𝑋target,test = {x1, . . . , x𝑁test }, 𝑋target,test ∈ R𝑑×𝑁test , the number of testing samples
in target dataset 𝑁test, dimension of raw features 𝑑, dimension of common latent subspace 𝑛, trade-off parameter 𝜇 = 0.1,
learned projection function for target dataset ftarget, trained aligned-to-generalized encoder for target dataset𝑓target
1 and 𝑓target

2 , SVM classifier trained by samples from both source and target dataset.
Feature alignment:

(1) Map the raw features in target datasets to the Hilbert space:
Φtarget,test = [𝜙 (x1) , . . . , 𝜙 (x𝑁test)]⊤ .

(2) Apply ftarget to map the raw features in target datasets to the new 𝑛 dimensional common latent space to obtain aligned features:
Xtarget,aligned = f⊤targetΦ

𝑖 = 𝛼⊤Φ⊤target,testΦ𝑖target,test = 𝛼⊤K𝑖target,test, 𝑖 = 1, . . . , 𝑁test.
Feature generalization:

(3) Input the aligned features Xtarget,aligned into the trained aligned-to-generalized encoder and obtained the generalized features
Xtarget,generalized at the output layer:

Xtarget,generalized = 𝑓target
2 (𝑓target

1 (Xtarget,aligned))
Classification:

(4) Adopt the trained SVM classifier to predicts the class labels of testing samples in target dataset using generalized features
Xtarget,generalized.

Output:
Predicted labels of testing samples in the target dataset.

Algorithm 2: Testing algorithm of CDFAG.

(a) Fight (b) Handclapping (c) Handshake

(d) Hug (e) Jog (f) Jump

(g) Punch (h) Push (i) Skip

(j) Walk (k) Wave 1 (l) Wave 2

Figure 4: Example images from video sequences in the InfAR dataset.

exhibit significantly great intraclass variance and modality
gap.

4.2. Experimental Settings. In all experiments, each dataset is
randomly split into training and testing sets. For evaluation,
the average precision (AP) is used, which is the average of

recognition precisions of all actions. For each evaluation,
we repeat the experiments with the same setting 5 times
and report the average accuracy. In KEMA, we use the RBF
kernels with the bandwidth fixed as half of the median
distance between the samples of the specific video (labeled
and unlabeled). By doing so, we allow different kernels in
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(a) Fight (b) Handclapping (c) Handshake

(d) Hug (e) Jog (f) Jump

(g) Punch (h) Push (i) Skip

(j) Walk (k) Wave 1 (l) Wave 2

Figure 5: 12 actions of the newly constructed visible light action dataset XD145.

(a) Fight (b) Handclapping (c) Handshake

(d) Hug (e) Jog (f) Jump

(g) Punch (h) Push (i) Skip

(j) Walk (k) Wave 1 (l) Wave 2

Figure 6: Comparison of visible and infrared actions. The left of each subfigure is the visible image from video sequences in the XD145
dataset, while the right is the infrared image from video sequences in the InfAR dataset.

each domain, thus tailoring the similarity function to the
data structure observed [15]. The trade-off parameter 𝜇 is
set as 0.1 according to the result of experimental analysis
in Section 4.4.3. To build the graph Laplacians, we use a𝑘-NN graph with 𝑘 = 10. We validate the optimal dimension

𝑛 of common latent space as well as the optimal 𝐶 and𝛾 parameters in the SVM classifier. Since the RBF kernel
is adopted in KEMA, the LibSVM [58] is used to train
classifiers in our experiments with RBF kernel as well.
The optimal parameters 𝐶 and 𝛾 are determined by 5-fold
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Table 1: The average recognition precision (%) of iDTs feature in XD145 and InfAR datasets. train num and test num denote the number of
samples in training and testing sets, respectively.

Settings Accuracies in XD145 (%) Accuracies in InfAR (%)
train num = 25, test num = 20 90.58 ± 2.14 69.25 ± 2.71
train num = 20, test num = 20 90.00 ± 2.19 66.92 ± 1.37
train num = 15, test num = 20 86.83 ± 1.78 63.92 ± 2.24
train num = 10, test num = 20 83.58 ± 2.74 40.33 ± 7.88
train num = 5, test num = 20 77.25 ± 5.29 30.25 ± 5.41

cross-validation. When performing stochastic gradient
descent for encoder training, we set learning rate 𝜂 = 0.1 and
momentum 𝜇 = 0.9 (see (14)). Each encoder is trained for
about 1000 iterations. All experiments are conducted with
MATLAB R2016b on a 64-bit Windows 10 PC with 4-core
3.60GHz Intel i7 CPU and 16GB of memory.

4.3. Action Recognition Results with Raw Features. We evalu-
ate the original feature in our newly constructed visible light
action dataset XD145 and infrared action recognition dataset
InfAR, respectively, which is constructed as baseline in this
paper. For each evaluation, we repeat the experiments with
the same settings 5 times, where, for each time, the numbers
of 25/20/15/10/5 samples out of 50 samples for each action
category are randomly selected as the training set and 20
samples out of the remaining samples are used as the testing
set. Then, the averages are employed as the final result, as
shown in Table 1.

FromTable 1, we can observe that the recognition accura-
cies in both datasets are growing with the number of training
samples increasing. This is basically in accordance with the
traditional action recognition intuition that a good action
recognition result can be achieved with adequate amount
of labeled training samples and discriminative features.
Although the same feature is adopted in both datasets, the
accuracies in InfAR are much lower than that in XD145 even
with the same experimental setting. This result may be due
to the fact that the videos in these two datasets are captured
by different sensors and they exhibit variant appearance and
motion information for the same action class, as shown in
Figure 6. Since the iDTs feature is good at appearance and
motion description in visible light action videos [48], its
effectiveness and strength may not be revealed in infrared
videos. Therefore, utilizing existing visible light action data
as an aide for enhancing infrared action recognition system
is urgently needed.

4.4. Visible-to-Infrared Action Recognition Results. In this
section, we evaluate our proposed method on visible-to-
infrared action recognition. Our experiments are mainly
divided into four parts. Firstly, a classifier trained on instances
from both source and target datasets without feature align-
ment and generalization is utilized to predict actions in
target dataset. Secondly, the classification results with aligned
features obtained by KEMA are also provided. Then, we
evaluate our proposed CDFAG in visible-to-infrared action
recognition. Lastly, we compare our proposed CDFAG with
several state-of-the-art methods.

4.4.1. Visible-to-Infrared Action Recognition. To find out
whether modality gap is existent between the source and
target datasets, we first train a classifier using the samples
from both source and target datasets without feature align-
ment and generalization to predict actions in target dataset.
We call this method No Adaptation (NA). In addition, the
classification results with aligned features obtained by KEMA
are provided to show the effectiveness of feature alignment.
For each evaluation we repeat the experiments with the
same parameter settings 5 times, where, for each time, the
numbers of 45/40/30/25/20/15/10/5 samples for each action
category in source dataset combined with the number of
25/20/15/10/5 samples for each action category in target
dataset are randomly selected as the training set, in order
to validate the impact of the number of training samples
on recognition accuracy. Then, 20 samples for each action
category in target dataset are used as the testing set. The
averages are employed as the final result, as shown in Table 2.

We can see that, in Table 2, the best accuracy of the
NA in each column (marked bold) occurs when the number
of training samples in source dataset (S train) is relatively
small. Comparing the results of infrared action recognition
in Table 1 and the NA in Table 2, we can discover that the
No Adaptation (NA) method results in better performance
than the baseline method only when fewer samples are
used for training (T train = 10 and T train = 5), which
demonstrates that directly transferring the knowledge from
the source domain to target domainwithout considering their
divergence can cause significant performance degeneration
especially when the number of source domain samples is
large.When the number of source and target training samples
is small, the performance gets slightly better because of the
complementary information between the source and target
training samples. However, with the number of source and
target training samples increasing, the modality gap between
datasets begins dominating the recognition accuracy; then
the performance degeneration becomes more serious.There-
fore, it is necessary to reduce the modality gap before directly
using them together.

Then, we evaluate our proposed CDFAG in visible-to-
infrared action recognition. At feature alignment stage, we
use the labeled and unlabeled samples to extract KEMA
projections and then project all videos in the latent space to
obtain aligned samples. We set the dimension of features in
common latent space to be 100. We experiment with various
feature dimensions and report the results in Section 4.4.3. For
videos from the same action class in source dataset XD145, we
randomly choose the number of 45/40/35/30/25/20/15/10/5
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Table 2: The average recognition precision (%) of No Adaptation (NA), KEMA, and the proposed CDFAG in target dataset InfAR. S train
andT train denote the number of training samples in source and target datasets, respectively. Best accuracies of each column for eachmethod
are marked in italics.

Settings T train = 25 T train = 20 T train = 15 T train = 10 T train = 5
S train = 45

NA 59.67 ± 2.22 56.58 ± 1.99 52.58 ± 1.99 41.33 ± 2.56 32.08 ± 2.59
KEMA 66.08 ± 2.56 64.00 ± 3.57 60.25 ± 2.74 56.08 ± 3.89 43.08 ± 4.98
CDFAG 72.50 ± 1.98 69.25 ± 3.71 67.66 ± 3.78 62.25 ± 2.84 47.67 ± 2.91

S train = 40
NA 63.25 ± 1.85 54.00 ± 2.68 50.58 ± 2.68 42.75 ± 3.57 31.25 ± 3.99
KEMA 69.67 ± 1.43 66.25 ± 2.52 59.50 ± 2.56 53.58 ± 2.58 44.50 ± 2.07
CDFAG 75.42 ± 3.13 71.33 ± 1.99 67.58 ± 1.73 62.42 ± 2.59 49.33 ± 3.17

S train = 35
NA 60.67 ± 2.48 57.42 ± 4.05 50.00 ± 2.86 45.75 ± 2.23 32.42 ± 4.79
KEMA 66.67 ± 1.86 64.00 ± 3.92 62.67 ± 2.76 56.92 ± 2.74 41.58 ± 4.14
CDFAG 73.25 ± 1.43 69.25 ± 2.19 65.83 ± 2.37 61.33 ± 2.51 50.06 ± 4.60

S train = 30
NA 62.58 ± 3.10 58.00 ± 2.49 52.17 ± 2.75 44.42 ± 2.27 33.17 ± 1.52
KEMA 68.75 ± 1.86 65.42 ± 2.30 57.67 ± 2.20 55.58 ± 4.16 45.75 ± 4.54
CDFAG 73.83 ± 2.19 69.25 ± 2.35 67.25 ± 2.74 60.58 ± 2.77 50.42 ± 3.90

S train = 25
NA 61.67 ± 4.54 55.92 ± 3.52 49.33 ± 2.51 46.08 ± 2.87 32.33 ± 2.82
KEMA 67.75 ± 2.08 64.17 ± 3.00 60.08 ± 1.78 52.50 ± 2.28 44.92 ± 1.94
CDFAG 72.25 ± 2.18 71.58 ± 2.42 68.08 ± 3.87 60.92 ± 2.15 50.75 ± 2.19

S train = 20
NA 64.17 ± 1.14 59.50 ± 3.08 52.42 ± 3.25 46.25 ± 2.80 33.25 ± 4.42
KEMA 69.67 ± 2.80 67.00 ± 3.15 62.58 ± 2.63 52.42 ± 3.43 46.25 ± 2.38
CDFAG 71.50 ± 2.22 70.58 ± 2.61 66.92 ± 4.10 60.92 ± 3.72 47.00 ± 6.08

S train = 15
NA 63.50 ± 3.21 59.75 ± 5.28 54.17 ± 4.31 46.42 ± 2.35 33.83 ± 3.22
KEMA 67.75 ± 3.90 67.08 ± 3.27 56.33 ± 2.45 55.33 ± 1.54 42.25 ± 4.13
CDFAG 70.75 ± 2.09 69.16 ± 1.79 66.00 ± 2.65 59.58 ± 2.86 47.92 ± 4.59

S train = 10
NA 66.50 ± 2.01 59.75 ± 3.14 54.00 ± 3.63 46.75 ± 3.53 33.58 ± 4.11
KEMA 69.17 ± 3.55 66.83 ± 3.64 62.58 ± 2.64 54.00 ± 5.42 38.83 ± 2.97
CDFAG 71.67 ± 2.43 67.42 ± 1.54 64.92 ± 2.09 61.08 ± 3.14 45.92 ± 3.90

S train = 5
NA 66.33 ± 1.87 53.42 ± 11.15 45.92 ± 11.56 33.92 ± 2.87 30.67 ± 6.82
KEMA 65.00 ± 2.04 65.75 ± 4.20 60.17 ± 3.53 56.17 ± 3, 34 35.67 ± 4.25
CDFAG 72.00 ± 2.72 68.58 ± 3.03 65.67 ± 2.77 57.00 ± 2.85 45.08 ± 3.08

videos as the training set while using the number of 5
videos as the unlabeled set. For videos from the same action
class in target dataset InfAR, 20 samples out of 50 samples
are randomly selected as the testing set; then we randomly
choose the number of 25/20/15/10/5 videos as the training
set while using the remaining videos as the unlabeled set,
since the target dataset usually has more unlabeled samples
but less labeled samples than the source dataset in real-world
scenarios. The unlabeled samples are utilized to compute
the graph Laplacians. At feature generalization stage, all the
aligned samples from both of the source and target training
sets are used to guide the training of the two aligned-to-
generalized encoders. After feature generalization, a SVM

classifier with RBF kernel is trained on all the aligned and
generalized labeled training samples from both source and
target datasets. The trained SVM is used to predict all the
testing videos in target dataset. All evaluation results are listed
in Table 2.

Comparing the results of the NA and the KEMA in
Table 2, it is obvious that the KEMA achieves higher accu-
racies than that of the NA under all parameter settings
which validates the effectiveness of KEMA in aligning the
features across the source and target domains. In addition,
it is obvious that the infrared action recognition accuracies
of our proposed CDFAG are significantly much higher than
that of No Adaptation (NA) and the KEMA under all
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Table 3: The average recognition precision (%) in InfAR with different trade-off parameter 𝜇.
𝜇 = 0 𝜇 = 0.1 𝜇 = 0.2 𝜇 = 0.3 𝜇 = 0.4 𝜇 = 0.5 𝜇 = 0.6 𝜇 = 0.7 𝜇 = 0.8 𝜇 = 0.9 𝜇 = 1

S train = 45; T train = 25 46.39 72.75 71.83 71.17 71.17 69.50 70.58 67.08 66.33 61.58 61.08
S train = 40; T train = 25 45.83 73.83 70.42 72.42 72.08 68.92 67.17 66.83 66.42 64.83 56.67
S train = 35; T train = 25 43.33 72.75 71.42 72.08 70.08 70.17 71.25 70.92 65.17 63.08 53.75
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Figure 7: Performance comparison of our proposed method with
the baseline method and the No Adaptation (NA) method on the
InfAR dataset.

parameter settings, which validates the effectiveness of our
proposed CDFAG in reducing the modality gap between the
source and target datasets by using both feature alignment
and generalization. Furthermore, we achieve at least 5%
increase in infrared action recognition accuracy over the
baseline method in Table 1 (the third column) as a result
of utilizing source domain data as an aide for enhancing
the present recognition system by a novel feature alignment
and generalization method. In order to have a more intuitive
comparison, best accuracies under different number of target
training samples for each method are plotted in Figure 7.
As can be illustrated in Figure 7, our proposed method
achieves remarkable performance improvement in infrared
action recognition under all parameter settings especially
with fewer training samples, which verifies its effectiveness
in utilizing auxiliary source domain data under scenario of
scarce target training data.

To further explore the infrared action classification per-
formance, two confusion matrices are illustrated in Fig-
ure 8. It can be seen that our proposed method achieves
higher classification accuracies for nearly all action categories
compared with the baseline method. However, there are
limited accuracies improvement in two actions—push and
punch—since these two actions are easily confused with each
other. From Figures 4(g) and 4(h), we can see that punch and
push are so similar that it may even be difficult for a human
to distinguish them from each other.

4.4.2. Visualization of Aligned and Generalized Features. To
verify that, by using our proposed CDFAG, all action data
from different datasets are indeed projected into the unique
common latent space, we plotted the distribution of the
raw features, aligned features, and generalized features of
instances from all action classes in source and target datasets,
respectively. For illustration purposes, we compared the
first 3-dimensional feature space of the raw iDTs features,
aligned features, and the learnt generalized features, shown in
Figure 9. As can be seen in Figure 9(a), the original features
of instances from two datasets are obviously in different
clusters with large intraclass diversity and small interclass
variance, but they are projected into a single cluster where
the instances from the same class are projected to similar
locations and the instances from different classes are well-
separated, as illustrated in Figure 9(b). Although there is
small distinction between Figures 9(b) and 9(c) except that
the instances from the same class in Figure 9(c) merge into
a more compact cluster, feature generalization indeed maps
instances from different datasets to a more compact feature
space with relatively small intraclass diversity and large
interclass variance, which makes features more generalized
and discriminative for visible-to-infrared action recognition.

4.4.3. Analysis of Trade-Off Parameter 𝜇. To evaluate the
optimum value range of trade-off parameter 𝜇 in (1), we
evaluate the performance of our proposed CDFAG with
different values of 𝜇. Specifically, we use 𝜇 = {0, 0.1,0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9, 1} in InfAR dataset when (1)
S train = 45 and T train = 25, (2) S train = 40 and T train =
25, and (3) S train = 35 and T train = 25. The results of other
S train and T train settings are not evaluated because other
settings show similar results to these three settings. For each
evaluation, we repeat the experiments with the same settings
5 times and report the average accuracies.

The experimental results are given in Table 3. As shown
in Table 3, the average accuracies of these three settings are
better when trade-off parameter 𝜇 is small, which indicates
that a good performance can be achieved when we attach
more importance to class similarity minimization term than
topology preservation in KEMA procedure. When we treat
both terms equally (𝜇 = 0.5), the performance is also unsatis-
factory.These attribute to the fact that themodality difference
between infrared and visible light domain is so huge that
the topology between them also varies a lot. Therefore, more
importance should be attached to class similarity term to
achieve good performance. However, when 𝜇 is set as 0, the
overall performance drops dramatically. This shows that the
topology preservation plays an important role in KEMA and
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(a) Confusion matrix of the baseline method
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(b) Confusion matrix of the proposed method

Figure 8: The comparison of the confusion matrices between the baseline method and the proposed method in InfAR dataset, where the
left is from the baseline method, while the right is from our proposed CDFAG. Note that “hc” denotes “handclapping” and “hs” denotes
“handshaking,” respectively.

cannot be neglected. When 𝜇 is set as 1, the performance also
drops but with less accuracy gap than the case when 𝜇 = 0.
This means that topology preservation contributes more to
the overall performance than class similarity minimization
although both of them are necessary in KEMA.

More intuitive analysis is plotted in Figure 10. From
Figure 10 we can see that a good result can be achieved when𝜇 < 0.5 and the optimum value of 𝜇 is 0.1. Therefore, we set𝜇 = 0.1 in the experiments. In addition, the performance
is relatively stable with small accuracy gap when 𝜇 < 0.5,
which shows that our algorithm is insensitive to the trade-off
parameter 𝜇 when 𝜇 < 0.5.
4.4.4. Feature Dimension in Common Latent Space. We
experiment with various feature dimensions 𝑛 in common
latent space to study how the feature dimension influences
the classification accuracy. As the hidden layer size 𝐻 in
aligned-to-generalized encoders is empirically set to be equal
to the input layer size 𝐿, the hidden layer size 𝐻 is directly
determined by the value of the feature dimension 𝑛 in latent
space.As illustrated in Figure 11, our proposedmethod arrives
at its best accuracy when feature dimension 𝑛 = 100;
then classification accuracy tends to decrease as the feature
dimension increases. This can be explained by the decreased
discriminability of the feature representations in common
latent space as its dimension increases.

4.4.5. Computation Time. We evaluate the computation time
of our proposed method and report the results in Table 4.
All experiments are conducted on our lab PC and developed
by MATLAB. The reported times are averaging running
time over all the S train values when the T train remains
unchanged, and the computation time for iDTs features and
LLC encoding is not included. The reported time includes

feature alignment, feature generalization, classifier training,
cross-validation and classification. As can be seen from
Table 4, our proposedmethod canperform feature alignment,
feature generalization, classifier training, and classification
very efficiently. The longest computation time is just nearly
9 minutes when 𝑛 = 500 and T train = 25. We attribute
this efficient execution to the PCA dimension reduction of
raw features, fast feature alignment by introducing the kernel
trick in KEMA, and the shallow single-hidden-layer neural
network architecture for feature generalization.

4.4.6. Comparison with State-of-the-Art Methods. We com-
pare our proposed CDFAG method with the following state-
of-the-art methods:

(i) Domain adaptation based methods: KEMA [15],
SSMA [16], and DA [17].

(ii) Transfer learning based methods: WSCDDL [18] and
Dual [19].

(iii) Deep learning based methods: two-stream CNNs
[20].

Actually, we focus on the transferable features genera-
tion in this paper and only use the features generated by
these comparison methods including KEMA, SSMA, DA,
WSCDDL, andDual. And thenwe use SVMas the classifier to
recognize the actions. In order to compare with these domain
adaptation and transfer learning methods, we use the same
experimental setting as our proposed CDFAG (Section 4.4.1)
in these related works. Results are reported in Table 5. The
results in boldface in each column shows that the proposed
CDFAG is the most competitive one compared with other
state-of-the-art methods. For instance, the average accuracy
of the proposed method CDFAG brings about 20.50%,
22.09%, 4.16%, 4.66%, and 6.17% improvements over the
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Figure 9: Examples of the three first dimensions of the original, aligned, and generalized data space. The left panel shows data distributions
of two domains per class while the right panel shows the data distributions of all classes per domain.

baseline method for five different T train values, respectively.
This validates the effectiveness of the CDFAG in improving
the overall infrared action recognition accuracy with the aid
of the visible light data from source domain. Compared with
domain adaptation methods, the average accuracy of the
CDFAG is about 6.00%, 6.59%, and 11.75% higher than that
of KEMA [15], SSMA [16], and DA [17] when T train = 25,

respectively. For transfer learning methods, our proposed
method also brings about 8.00% and 17.17% improvements
over WSCDDL [18] and Dual [19] when T train = 25,
respectively. More comparisons are plotted in Figure 12.

The results in Figure 11 show that the proposed CDFAG
performs much better than other state-of-the-art methods
on visible-to-infrared action recognition task. As can be
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Table 4: Average computation time of our proposed method CDFAG. T train denotes the number of training samples in the target dataset.𝑛 denotes the feature dimension in the common latent space.

T train = 5 T train = 10 T train = 15 T train = 20 T train = 25𝑛 = 50 46.55 s 58.60 s 73.58 s 87.33 s 106.91 s𝑛 = 100 64.22 s 87.85 s 99.54 s 118.44 s 147.49 s𝑛 = 150 80.94 s 103.12 s 128.87 s 156.53 s 187.02 s𝑛 = 200 98.57 s 126.63 s 159.42 s 200.74 s 229.20 s𝑛 = 250 132.59 s 153.89 s 185.90 s 232.15 s 241.18 s𝑛 = 300 161.46 s 202.49 s 248.43 s 291.85 s 304.47 s𝑛 = 350 181.34 s 223.77 s 274.69 s 345.99 s 423.55 s𝑛 = 400 183.73 s 236.03 s 298.81 s 408.99 s 478.81 s𝑛 = 450 187.53 s 257.06 s 328.63 s 415.07 s 511.29 s𝑛 = 500 212.11 s 266.83 s 338.42 s 415.50 s 546.41 s

Table 5: Average recognition precision (%) comparison of the proposed method CDFAG with state-of-the-art methods. For each method,
the best accuracies of various T train values are shown. The best accuracies of each T train are marked in italics.

Method T train = 5 T train = 10 T train = 15 T train = 20 T train = 25
KEMA [15] 46.92 ± 3.26 55.75 ± 4.92 60.92 ± 2.97 63.92 ± 3.37 69.42 ± 3.44
SSMA [16] 44.33 ± 2.90 58.58 ± 1.83 63.00 ± 2.38 64.92 ± 2.86 68.83 ± 1.12
DA [17] 41.67 ± 2.52 47.83 ± 3.39 54.17 ± 1.41 55.17 ± 1.52 63.67 ± 1.87
WSCDDL [18] 45.92 ± 1.26 56.08 ± 4.23 62.58 ± 2.52 66.08 ± 2.03 67.42 ± 2.42
Dual [19] 35.75 ± 3.23 41.83 ± 5.48 52.25 ± 2.54 58.92 ± 2.22 58.25 ± 4.32
No Adaptation 33.83 ± 3.22 46.75 ± 3.53 54.17 ± 4.31 59.75 ± 3.14 66.50 ± 2.01
Baseline 30.25 ± 5.41 40.33 ± 7.88 63.92 ± 2.24 66.92 ± 1.37 69.25 ± 2.71
CDFAG 50.75 ± 2.19 62.42 ± 2.59 68.08 ± 3.87 71.58 ± 2.42 75.42 ± 3.13
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Figure 10: Trade-off parameter 𝜇 and the average recognition
precision (%) in InfAR.

seen from Figure 11, the performance of Dual [19] is not
good especially with fewer target training samples because
it needs adequate training samples to be well-trained. On
the one hand, other state-of-the-art methods can achieve
higher accuracies than that of the baseline method with
fewer target training samples, while, withmore target training
samples, modality gap begins dominating the recognition
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Figure 11: Feature dimension 𝑛 in latent space and classification
accuracy (%).

accuracies and their performances become inferior to that
of the baseline. On the other hand, our proposed method
CDFAG can perform well whenever the number of training
samples is small or large, which validates the effectiveness
of our proposed method CDFAG in terms of reducing the
modality gap across the source and target datasets. The key
difference between our proposed CDFAG and the other
methods is that our method takes both feature alignment
and feature generalization into consideration. Thus, a latent
common feature space with low intraclass diversity and high
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Comparison with state-of-the-art methods
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Figure 12: Comparison between our results and related works.

interclass variance can be learnt. The other methods focus
on only either of them (feature alignment or generalization)
without explicit knowledge transfer and effective modality
gap reduction. The strong performance of our proposed
CDFAG demonstrates the advantage of transferring knowl-
edge from visible light domain to infrared domain and, more
importantly, the efficacy of the proposed cross-dataset feature
alignment and generalization (CDFAG) framework.

We also compare the proposed CDFAGwith state-of-the-
art deep learning basedmethod. Two-streamCNN is adopted
in [20] and achieved average precision 76.66% in InfAR
dataset, while the best accuracy of our proposed method is
75.42%. It is evident that our proposed CDFAG can achieve
comparable infrared action recognition performance to that
of the deep learning based method in [20]. In addition,
the proposed CDFAG can still achieve good performance
efficiently with fewer labeled training samples in target
dataset while the deep learning based method in [20] is time-
consuming and needs a large amount of training instances or
pretrained models to perform well. Therefore, our proposed
CDFAGmay be a good visible-to-infrared action recognition
framework that makes a good balance between classification
accuracy and time efficiency.

5. Conclusion and Future Work

In this paper, we propose a novel Cross-Dataset Feature
Alignment and Generalization (CDFAG) framework for
visible-to-infrared action recognition.The proposed CDFAG
is essentially a feature extractor that finds projections from
all the source and target domains into a common latent
feature space where features of all instances are semantically
aligned and generalized with low intraclass diversity and high
interclass variance. Promising results are achieved on visible-
to-infrared action recognition and cross-dataset recognition
tasks, where auxiliary source domain knowledge is effectively

transferred to target domain. Compared with several state-
of-the-art transfer learning or domain adaptation based
methods, our proposed CDFAG offers a more flexible frame-
work and achieves the best performance (AP = 75.42%)
in infrared action recognition. In addition, our proposed
CDFAGalso achieves comparable infrared action recognition
performance to deep learning based method. In the future,
we will adapt the CDFAG method to other cross-domain
action recognition tasks, such as cross-view, cross-dataset,
and image-to-video action recognition. Another interesting
direction is to modify existing visible light action recognition
methods for infrared datasets.
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With the development of mobile communication technology, location-based services (LBS) are booming prosperously. Meanwhile
privacy protection has become the main obstacle for the further development of LBS. The 𝑘-nearest neighbor (𝑘-NN) search is
one of the most common types of LBS. In this paper, we propose an efficient private circular query protocol (EPCQP) with high
accuracy rate and low computation and communication cost. We adopt the Moore curve to convert two-dimensional spatial data
into one-dimensional sequence and encrypt the points of interest (POIs) information with the Brakerski-Gentry-Vaikuntanathan
homomorphic encryption scheme for privacy-preserving.The proposed scheme performs the secret circular shift of the encrypted
POIs information to hide the location of the user without a trusted third party. To reduce the computation and communication
cost, we dynamically divide the table of the POIs information according to the value of 𝑘. Experiments show that the proposed
scheme provides high accuracy query results while maintaining low computation and communication cost.

1. Introduction

Nowadays, the location-based services are developing rapidly
with the wide use of mobile Internet and smart mobile
devices. Location-based services use mobile device to learn
the current location with the help of built-in positioning
devices and get the location information through the mobile
network.

In a location-based service, a user obtains the query result
by providing accurate locations to the service provider. The
user privacy is probably obtained by the adversary through
the conjunction of relevant background knowledge and the
captured location information. How to utilize the service
while protecting the location privacy of the user has become
a research topic in location-based services in recent years.

The privacy data of location-based services includes
three aspects: identity information, location information,
and query content. The privacy of location refers to hiding
the accurate location of the user. The privacy of query
content refers to hiding the specific description of the request

submitted by the user. When the query content is obtained,
the characteristics and the behaviors of the user can be
deduced.

In the LBS, the core of privacy-preserving is to cut off the
relevance of the identity information, location information
and query content. The query contents from the user are
relevant to each other in the case of continuous querying.
Therefore, it not only enhances the difficulty of privacy
protection, but also increases the computation cost.

There are two communication modes in the privacy-
preserving query in LBS: one is based on the trusted third
party (TTP) and the other is without trusted third party
(TTP-free). Although TTP-based solutions [1–7] are able to
collect enough information to maximally meet the needs of
privacy protection, there are two problems: (1) It is difficult
to obtain the TTP that fill the bill. (2) Centralized attack on
TTP makes it become the bottleneck in the query scheme.
TTP-free-based solutions take advantage of the limited infor-
mation to help maximize privacy protection. However, there
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is a lack of methods which are outstanding in all three aspects
of query accuracy, efficiency, and privacy-preserving.

Lien et al. [8] have proposed a private circular query
protocol (PCQP) without a TTP, which uses Moore curve
and Paillier cryptosystem to implement the protection of
the location and query content. The scheme contains a large
number of homomorphic additions and multiplications, and
thus it requires higher computation and communication
cost. Utsunomiya et al. [9] made some improvements on
the basis of PCQP and proposed a lightweight private
circular query protocol (LPCQP) with divided POI-table to
effectively reduce the number of homomorphic additions and
multiplications. The dividing of the POI-table is performed
only once in the initialization process and the number of
subtables observably influences the accuracy of the query.
In some extreme cases, the scheme cannot return enough 𝑘
POIs to the user. In addition, when the number of POIs in
a subtable is much larger than 𝑘, the homomorphic addi-
tions and multiplications bring large number of unnecessary
computation cost. LPCQPuses the homomorphic encryption
scheme proposed by Smart and Vercauteren to ensure the
security. The scheme needs a large size of public key and a
large amount of computation.

Considering the advantages and disadvantages of the
above two schemes, this paper proposes an efficient private
circular query protocol (EPCQP) to mitigate the drawbacks
of LPCQP without damaging the security. The proposed
scheme utilizes the fully homomorphic encryption scheme to
address the problem of secure querying over encrypted data
in LBS. To omit the redundant homomorphic additions and
multiplications, the proposed scheme dynamically divides
the encrypted POI-table according to the query requirement
of the user. The data security depends on the Brakerski-
Gentry-Vaikuntanathan (BGV) homomorphic encryption
scheme [10]. In addition, the user utilizes the circular shift
and modulo operation to replace the real location which
guarantees the location privacy-preserving.

The proposed scheme has the following advantages.

(1) Location Privacy and Data Privacy. The proposed scheme
can defend the correlation attack, the background knowledge
attack, the offline keyword guessing attack, the inference
attack, the man-in-the-middle attack, and the link attack.

(2) Computation Efficiency. The computation cost is reduced
by 99% or more when 𝑘 is from 5 to 50 compared with that
of PCQP. When 𝑘 is smaller than 25, the computation cost of
EPCQP is significantly lower than that of LPCQP.

(3) High Accuracy Rate. The accuracy rate of the proposed
scheme is higher than 90% even if 𝑘 is large for the uniform
dataset, and it is higher than 84% when 𝑘 is large for the real-
world dataset.

The remainder of the paper is organized as follows.
Section 2 introduces the relevant background knowledge.
Section 3 describes the proposed protocol in detail and
Section 4 discusses the performance of the proposed scheme
based on various experiments. Related work is reviewed in
Section 5 and the conclusions are drawn in Section 6.

2. Background

In this section, we review the main techniques which are
utilized in the proposed protocol.

2.1. Moore Curve. Space-filing curves [11] represent a class
of curves which traverse through all points in a two-
dimensional region or more generally an 𝑛-dimensional
hypercube, without crossing themselves. Hilbert [12] demon-
strated the general geometrical generating procedure for
constructing an entire class of space-filling curves in 1891.
Hilbert curve has the capability of superior clustering and
partially retaining the neighboring adjacency of the original
data [13, 14]. Figure 1 illustrates the Hilbert curves of different
orders. An𝑁-th orderHilbert curve can pass through all cells
in a 2𝑁 × 2𝑁 square girds. The number on the corner of each
cell denotes an index, called𝐻-value, from the set [0, 2𝑁 − 1]
when the curve traverses the cells.

Moore curve [15] is a variation of the Hilbert curve with
end-point-connected property. Figure 2 illustrates theMoore
curves of different orders. The POIs in a two-dimensional
region can be stringed into a circular structure. Our scheme
adoptsMoore curve due to the circularly connected property.

2.2. Homomorphic Encryption. Without the trusted third
party, our scheme adopts the homomorphic encryption to
protect the data privacy. Due to the property of the homo-
morphic encryption showed in (1), the server can perform
addition or multiplication of plaintexts without decryption.
In (1),𝑚1,𝑚2, pk, and sk denote the two plaintexts, the public
key, and the private key, respectively. The encryption and
decryption are denoted as 𝜀pk(𝑚) and 𝐷sk(𝑚). Here, +𝑐 and×𝑐 denote the homomorphic addition andmultiplication over
ciphertexts.𝐷sk (𝜀pk (𝑚1) +𝑐 𝜀pk (𝑚2)) = 𝑚1 + 𝑚2𝐷sk (𝜀pk (𝑚1) ×𝑐 𝜀pk (𝑚2)) = 𝑚1 × 𝑚2. (1)

Homomorphic encryption [16] was proposed by Rivest et
al. in 1978. Gentry [17] proposed the first fully homomorphic
encryption scheme in 2009, which used bootstrapping to
construct a fully homomorphic encryption scheme from a
somewhat homomorphic encryption scheme. The scheme
can be summarized as follows: FHE = SHE + Bootstrapping,
and its security depends on certain worst-case problems over
ideal lattices. In order to reduce the computational com-
plexity of the decryption circuit, he designed a lattice-based
decryption circuit, and its security depends on the assumed
hardness of two problems: sparse subset sum problem (SSSP)
and the certain worst-case problems over ideal lattices.
Gentry’s scheme uses matrix operations and vector modular
arithmetic, resulting in discontinuities in computation and
fast growth in computation cost. In addition, the size of
the ciphertext generated by the corresponding 1-bit plaintext
is exponentially increasing; thus the size is becoming too
long to be realized by programming. Despite all of these
shortcomings, Gentry still makes a great contribution to the
study of the fully homomorphic encryption. To improve the
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Figure 1: (a) Hilbert curve of order 𝑁 = 1. (b) Hilbert curve of order 𝑁 = 2. (c) Hilbert curve of order 𝑁 = 3. (d) Hilbert curve of order𝑁 = 4.
poor practicality of Gentry’s fully homomorphic encryption
scheme, many optimization schemes of the fully homomor-
phic encryption have emerged since 2009. In 2010, vanDijk et
al. [18] applied simple algebraic structure to construct a fully
homomorphic encryption scheme, which is based on integer
arithmetic, on the basis of Gentry’s scheme. This scheme is
simpler, but not practical.

In 2010, Smart and Vercauteren [19] proposed a fully
homomorphic encryption scheme with smaller key and
ciphertext size. In 2011, Gentry and Halevi [20] improved the
original fully homomorphic encryption scheme with a new
key generation algorithm, and the full polynomial inversion
is not required in this scheme. In 2011, Gentry andHalevi [21]
put forward some schemes which did not require squashing
step and the hardness of SSSP assumption to further optimize
the performance, and the practicability was improved. In

2012, Brakershi et al. [10] proposed the Brakerski-Gentry-
Vaikuntanathan homomorphic encryption scheme which
applied the key switching and modulus switching technique,
meanwhilewith additional BitDecomp technology tomanage
the noise. In the same year, Coron et al. [22] proposed
a fully homomorphic encryption scheme over the integers
which reduces the public key size of the van Dijk et al.
scheme.

Most of the recent research results are still achieved by
improving the original Gentry’s scheme. Halevi and Shoup
developed a new fully homomorphic encryption library,
namely, HELib [23] in 2013, which is based on the BGV
homomorphic encryption scheme, using modulus switching
technique to reduce the ciphertext noise. It accomplishes the
homomorphic operation of subtraction and shift, on the basis
of the original additions and multiplications. In addition to
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Figure 2: (a) Moore curve of order𝑁 = 1. (b) Moore curve of order𝑁 = 2. (c) Moore curve of order𝑁 = 3. (d) Moore curve of order𝑁 = 4.
the functional improvement, the performance of HELib is
mainly optimized by Smart-Vercauteren ciphertext packing
technique [24] and Gentry-Halevi optimization [25] to fur-
ther improve the efficiency of homomorphic operations. In
general, the homomorphic operation of encrypted data is
accomplished and it shows better performance.

Taking everything above into consideration, we adopt the
homomorphic encryption scheme released in HELib in the
proposed protocol.

3. The Proposed Protocol

An efficient private circular query protocol is proposedwhich
can achieve high accuracy and low computation cost without
the trusted third party.

3.1. Overview of EPCQP. Figure 3 illustrates the whole
architecture of EPCQP.

3.1.1. Initialization Process

Step 1. Theserver constructs aMoore curve and generates the𝐻-index for every registered POI on the target region.

In this step, an LBS server selects the appropriate param-
eters to construct a Moore curve that covers up the target
region and builds the POI-table containing the information
of all registered POIs. The POI-table contains the 𝐻-index
and POI-info of each POI, for example, the longitude, the
latitude, and the name. Each stored POI in the POI-table is
numbered in accordance with the evenly distributed𝐻-index
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Figure 3: Interaction diagram of EPCQP.

with common difference 𝑑 instead of the associated𝐻-value.
The definition of𝐻-index will be presented in Section 3.2.1.

Step 2. Theuser generates the public andprivate key pairs and
sends the public key pk to the server.Then the server encrypts
the POI-table with the public key pk.

3.1.2. Query Process

Step 3. The user issues a 𝑘-NN query to the server.

Step 4. The server divides the POI-table into 𝑀 subtables.
Note that the 𝐻-index column of the POI-table will not be
encrypted. The number of all entries in each subtable is 2𝑘.
IDsub-table denotes an index of the subtable in which a POI
is contained. The sever stores the mapping from 𝐻-value to𝐻-index of each POI into a lookup-table. In addition, the
lookup-table records the IDsub-table in order that the user
knows which subtable he should search. Consequently, the
lookup-table contains three attributes of each POI: 𝐻-𝑖𝑛𝑑𝑒𝑥,𝐻-V𝑎𝑙𝑢𝑒, and IDsub-table. The details of the dividing method
will be presented in Section 3.2.2.

Step 5. The sever announces the setting parameters of the
Moore curve and the lookup-table to all registered users
in public. The user can retrieve the 𝐻-index of his current
location on the target region and the subtable that he should
search. The details will be presented in Section 3.2.3.

Step 6. The user chooses an integer t to generate a 2𝑘 × 2𝑘, 𝑡-
offset circular shift permutation matrix 𝑃𝑡𝑖,𝑗 (𝑖, 𝑗 = 0, . . . , 2𝑘 −1) and a vector 𝑞𝑀. In the first row of 𝑃𝑡𝑖,𝑗, the (2𝑘 − 𝑡 + 1)-
th element is the only nonzero element. The 𝑚-th element of𝑞𝑀 is the only nonzero element.The definitions of𝑃𝑡𝑖,𝑗 and 𝑞𝑀
will be presented in Sections 3.2.3 and 3.2.4.

Step 7. The user calculates the value (𝐻-𝑖𝑛𝑑𝑒𝑥 + 𝑑 × 𝑡)
modulo (2𝑘 × 𝑑) to generate the shift-𝐻-index. The𝐻-𝑖𝑛𝑑𝑒𝑥
is retrieved from the lookup-table according to the current
location. The user encrypts 𝑞𝑀 and the first row of 𝑃𝑡𝑖,𝑗 by the
public key pk generated in Step 2, denoted as 𝜀pk(𝑞𝑀) and𝜀pk(𝑃𝑡0,𝑗).Then the user sends the shift-𝐻-index, 𝜀pk(𝑃𝑡0,𝑗), and𝜀pk(𝑞𝑀) to the server.
Step 8. The server utilizes 𝜀pk(𝑃𝑡0,𝑗) to construct a secret
circular shift matrix 𝜀pk(𝑃𝑡). The server aggregates all of the
subtables with 𝜀pk(𝑞𝑀) into a new table 𝑡sub.The𝐻-indexes of
the POIs in 𝑡sub are numbered again from 𝑑 to (2𝑘 × 𝑑).
Step 9. The server utilizes 𝜀pk(𝑃𝑡) to perform a secret circular
shift on 𝑡sub based on the fully homomorphic property with
the public key of the user. The server performs a 𝑘-NN
search upon the circularly shifted 𝑡sub and then returns the𝑘 encrypted results to the user. The detail will be present in
Section 3.2.4.

Step 10. The user decrypts the received results with the
private key sk selected in Step 2 and obtains the required 𝑘-
NN POIs.

The 𝐻-𝑖𝑛𝑑𝑒𝑥 of the user has been added by 𝑡 (in Step 7),
and the POIs in 𝑡sub have been secretly circularly shifted by(𝑑 × 𝑡) (in Step 9). Based on the additive and multiplicative
homomorphism, the secret 𝑘-NN search results in the shifted



6 Complexity𝑡sub will be consistent with the results searched in their
plaintexts of the original subtable.

3.2. Details of EPCQP

3.2.1. Mapping from H-Value to H-Index. Figure 1 shows that
the starting cell is not adjacent to the ending cell in the
Hilbert curve. The searching range will be reduced when
the user is near to the starting or ending cell of Hilbert
curve, and it means that the query accuracy will be reduced.
Figure 2 indicates that the start point and the end point
of Moore curve are neighbors. Therefore, we adopt Moore
curve to transform a two-dimensional space into a sequence
of 𝐻-V𝑎𝑙𝑢𝑒𝑠. With the capability of Moore curve, all the
POIs can be constructed into a circular structure which is
important when dividing the POI-table in the subsequent
steps. In addition, the results mainly rely on the order of𝐻-V𝑎𝑙𝑢𝑒𝑠, so that altering 𝐻-V𝑎𝑙𝑢𝑒𝑠 of POIs do not affect the
query results.𝐻-𝑖𝑛𝑑𝑒𝑥 denotes an evenly distributed sequence num-
bered in the ascending order of 𝐻-V𝑎𝑙𝑢𝑒𝑠 with a common
difference 𝑑. 𝐻-𝑖𝑛𝑑𝑒𝑥 of the 𝑖-th POI in a Moore curve is
calculated as 𝐻-𝑖𝑛𝑑𝑒𝑥 (𝑖) = 𝑑 × 𝑖, (2)

where 𝑑 is an integer greater than or equal to one and 𝑖 is the
sequencing-order of the POI along with the ascending order
of 𝐻-V𝑎𝑙𝑢𝑒𝑠 in the given Moore curve. The server constructs
a POI-table which contains the POI-info and 𝐻-𝑖𝑛𝑑𝑒𝑥 of all
POIs and records the mapping from 𝐻-V𝑎𝑙𝑢𝑒 to 𝐻-𝑖𝑛𝑑𝑒𝑥 in
the lookup-table.The server should update the POI-table and
lookup-table whenever any POI changes and then publicly
announces the new lookup-table to all registered users.

3.2.2. Dividing the POI-Table. PCQP requires a huge number
of calculations due to the multiplication applied across the
entire POI-table. Utsunomiya et al. proposed a lightweight 𝑘-
NN search protocol according to dividing the POI-table into𝑀 subtables. The server divides a POI-table in the initializa-
tion process in advance in LPCQP. When the user issues a 𝑘-
NN query, he selects only one subtable which contains POIs
that the user needs. Although LPCQP reduces computation
cost observably compared with PCQP, it requires a trade-
off between the query accuracy and computation cost on the
server. Utsunomiya et al. have illustrated that 𝑘/𝑛𝑝 should be
0.5 or less in order to obtain the high query accuracy, where𝑛𝑝 denotes the number of all entries in a subtable. The query
accuracy of LPCQP becomes worse as 𝑀 get larger due to
the loss of some POIs from aggregating subtables. Extremely,
when 𝑘 > 𝑛𝑝, the server only returns 𝑛𝑝 POIs to the user. The
dividing of the POI-table is performed only once in advance;
therefore, it cannot satisfy the query requirement if 𝑀 is not
appropriate.

Inspired by LPCQP, we propose an efficient 𝑘-NN search
scheme to mitigate the drawbacks of LPCQP, called EPCQP.
In EPCQP, the size of each subtable depends on the query
requirement of the user instead of dividing the POI-table

only once in the initialization process. We divide the POI-
table into 𝑀 subtables, and each subtable has 2𝑘 POIs. 𝑀 is
calculated as 𝑀 = ⌈ 𝑛2𝑘⌉ , (3)

where 𝑛 denotes the number of all entries in the POI-table.
The 𝑗-th subtable, denoted as 𝑡𝑗sub, is defined as𝑡𝑗sub = [𝐼𝑗𝑖 ]1≤𝑖≤2𝑘𝐼𝑗𝑖 = 𝐼2𝑘×(𝑗−1)+𝑖, (4)

where 𝐼𝑖 denotes the 𝑖-th entry of the original POI-table and𝐼𝑗𝑖 denotes the 𝑖-th entry of the 𝑗-th subtable.
As mentioned in Section 3.2.1, the start point is adjacent

to the end point in Moore curve. Geographically, the first
POI and the last POI stored in the POI-table are close to
each other.Therefore, the first and the last POIs are neighbors
in two-dimensional space regardless of the 𝐻-index distance
between them. If the number of all entries in the 𝑀-th
subtable is less than 2𝑘, it will be appended using the entries
in the original POI-table from the first to the 𝑙𝑝-th in order.𝑙𝑝 is calculated as 𝑙𝑝 = 2𝑘 × ⌈ 𝑛2𝑘⌉ − 𝑛. (5)

As shown in Figure 4, there are nine POIs in the POI-
table. If 𝑘 = 2, the POI-table will be divided into three
subtables each containing four POIs. The third subtable
contains 𝑖, 𝑎, 𝑏, and 𝑐.
3.2.3. Aggregating Subtables. The user looks for the 𝐻-𝑖𝑛𝑑𝑒𝑥
from the lookup-table according to the current location and
then chooses the subtable which contains the nearest POI as
the subtable for querying. Next, the user obtains the index of
the target subtable by retrieving the IDsub-table column of the
lookup-table.Without loss of generality, let the𝑚-th subtable
be the one that the user selects. The user generates a vector𝑞𝑀 defined as 𝑞𝑀 = 𝑞𝑖1≤𝑖≤𝑀𝑞𝑖 = {{{1, 𝑖 = 𝑚0, otherwise. (6)

The user encrypts 𝑞𝑀 with the public key pk and then
sends the ciphertext 𝜀pk(𝑞𝑀) to the server. The server multi-
plies each element of 𝜀pk(𝑞𝑀) by the corresponding subtable.
Then the 𝑗-th subtable 𝑡𝑗sub becomes 𝑡𝑗sub.𝑡𝑗sub = 𝜀pk (𝑞𝑗) ×𝑐 𝜀pk (𝑡𝑗sub)= [𝜀pk (𝑞𝑗) ×𝑐 𝜀pk (𝐼𝑗𝑖 )]1≤𝑖≤2𝑘 . (7)
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Figure 4: Example of aggregating subtables.

The server aggregates all the subtables into a new table 𝑡sub
calculated as𝑡sub = 𝑡1sub+𝑐 𝑡2sub+𝑐 ⋅ ⋅ ⋅ +𝑐 𝑡𝑀sub = [𝐼𝑖 ]1≤𝑖≤2𝑘𝐼𝑖 = 𝜀pk (𝑞1) ×𝑐 𝜀pk (𝐼1𝑖 ) +𝑐 𝜀pk (𝑞2) ×𝑐 𝜀pk (𝐼2𝑖 )+𝑐 ⋅ ⋅ ⋅ +𝑐 𝜀pk (𝑞𝑀) ×𝑐 𝜀pk (𝐼𝑀𝑖 ) . (8)

According to (6) and (8), all entries of the POI-info in the
subtables become zero in their plaintext domain except the𝑚-th subtable. Note that the𝐻-indexes of the POIs in 𝑡sub are
numbered from 𝑑 to (2𝑘 × 𝑑).

Due to the properties of homomorphic encryption, 𝑡sub
satisfies 𝐷sk (𝐼𝑖 ) = 𝐼𝑚𝑖 . (9)

Figure 4 indicates the process of aggregating subtables.
There are nine POIs and a user (Q) on the map. According
to the Moore curve, the nine POIs are stored in the POI-
table in the ascending order of 𝐻-indexes. When the user
issues a 𝑘-NN search with 𝑘 = 2, the server divides the POI-
table into three subtables and each subtable has four POIs.
The POI 𝑑 has the nearest𝐻-index to the user; therefore, the
user selects the first subtable to query. Then all the subtables
are aggregated into one table with the entries of the first
subtable.

3.2.4. Secret Circular Shift in the 𝑚-th Subtable. In order to
keep the original 𝐻-index secret to the server, the POI-info
columnof the original POI-table is circularly shifted in PCQP.
On the basis of Paillier encryption scheme, an approach for
circular shift by the encryptedmatrix-vectormultiplication is
proposed in PCQP, where the POI-info column is in its plain-
text domain whereas the permutation matrix is encrypted.
Although the circular shift in the entire POI-table maintains
the neighboring relationship with POIs, it requires a huge
number of calculations due to the multiplication applied
across the entire POI-table. Utsunomiya et al. proposed a
lightweight scheme (LPCQP) to mitigate the drawbacks of
PCQP. Inspired by LPCQP, we utilize the circular shift in𝑡sub and modulo operation to hide the real location of the
user.

After shifting the POI-info column 𝑡 units downward
circularly, the same 𝑘-NN search results can be obtained by
changing the querying 𝐻-index to the shift-𝐻-index, which
is calculated as

shifted-𝐻-index = (𝐻-𝑖𝑛𝑑𝑒𝑥 + 𝑑 × 𝑡)mod (2𝑘 × 𝑑) . (10)

When 𝑡 is a negative integer, it represents an upward shifting.
The shift parameter 𝑡 is decided by the user; hence

the server cannot obtain the original 𝐻-index of the user
according to the shifted-𝐻-index.The current location of the
user is protected from being disclosed.

Likewise, the circularly shift on the POI-info column on
the server side should be kept secretly. In PCQP, the entire
POI-info column has been circularly shifted by multiplying
an encrypted 𝑛 × 𝑛 matrix. The operator of multiplicative
and additive homomorphism will incur a huge overhead,
especially for the mobile services. In this paper, only the
POI-info of the 𝑚-th subtable which the user selects will be
circularly shifted bymultiplying an encrypted 2𝑘×2𝑘, 𝑡-offset
matrix 𝑃𝑡𝑖,𝑗, which is defined as

𝑃𝑡𝑖,𝑗 = {{{1, 𝑗 = 𝑖 + (2𝑘 − 𝑡) mod (2𝑘)0, otherwise, (11)

where 𝑖, 𝑗 = 0, 1, . . . , 2𝑘 − 1.
The user encrypts the permutation matrix 𝑃𝑡𝑖,𝑗 with the

public key pk to obtain the ciphertext 𝜀pk(𝑃𝑡) and then
sends it to the server. The server multiplies 𝜀pk(𝑃𝑡) with the
aggregated table 𝑡sub in order to circularly shift the POI-info
column of the 𝑚-th subtable and keeps the 𝐻-index column
intact.

Note that the pseudorandom numbers are different dur-
ing each encryption process, it means that the server has
no way to distinguish the encrypted ‘0’ and ‘1’. In order to
reduce the computation and communication cost, the user
only encrypts the first row of 𝑃𝑡𝑖,𝑗 and sends 𝜀pk(𝑃𝑡0,𝑗) to the
server. Then sever constructs 𝜀pk(𝑃𝑡) by circularly shift on𝜀pk(𝑃𝑡0,𝑗). For ease of understanding, there is an example on
how to construct 𝜀pk(𝑃𝑡).
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Figure 5: (a) The evenly distributed POIs. (b) After circularly
shifting, the shift-𝐻-index = (10 + 2 × 6) mod 16 = 6.

Let (𝜀pk(𝑃𝑡00) 𝜀pk(𝑃𝑡01) 𝜀pk(𝑃𝑡02) 𝜀pk(𝑃𝑡03)) be the first row
of 𝜀pk(𝑃𝑡), and 𝜀pk(𝑃𝑡) can be constructed as

(𝜀pk (𝑃𝑡00) 𝜀pk (𝑃𝑡01) 𝜀pk (𝑃𝑡02) 𝜀pk (𝑃𝑡03)𝜀pk (𝑃𝑡03) 𝜀pk (𝑃𝑡00) 𝜀pk (𝑃𝑡01) 𝜀pk (𝑃𝑡02)𝜀pk (𝑃𝑡02) 𝜀pk (𝑃𝑡03) 𝜀pk (𝑃𝑡00) 𝜀pk (𝑃𝑡01)𝜀pk (𝑃𝑡01) 𝜀pk (𝑃𝑡02) 𝜀pk (𝑃𝑡03) 𝜀pk (𝑃𝑡00)). (12)

The servermultiplies 𝜀pk(𝑃𝑡)with the aggregated table 𝑡sub
to obtain the circularly shifted and decrypted POI-info data.
After decryption, the results will have the same shifted value
t.

As shown in Figure 5(a), there are 8 POIs in the subtable,
where 𝑘 = 4 and 𝑑 = 2. The𝐻-index of the user is 10, and the
results will be 𝑐, 𝑑, 𝑒, and 𝑓. The shift-𝐻-index is 6 when𝑡 = 6. As presented in Figure 5(b), the user will obtain the
same results according to the shift-𝐻-index.

Note that the first entry and the last entry of the subtable
are not adjacent to each other. Therefore, the neighboring
relationship will be changed after circularly shifting the𝑚-th
subtable, and this will reduce the search accuracy. This effect
is negligible comparedwith the reduction in computation and
communication overhead.

3.2.5. k-NNSearch. Lien et al. [8] proposed a cross-like 𝑘-NN
search algorithm to achieve high accuracy rate and showed
that two additional queries started from the central cells of
search region are sufficient to achieve the reasonable accuracy
rate in most cases. However, it may include duplicated POI
especiallywhen the user is close to the boundary.Utsunomiya
et al. [9] proposed a group-based query point selection
algorithm which achieved a higher accuracy rate. We adopt
the methods proposed in LPCQP to improve the accuracy
rate.

3.3. Security Analysis. Mainly the most common attacks that
can obtain some private information of the user can be listed
as the following 6 chances. We divide them into three groups
where there are two of them in each group.

The first group consists of correlation attack and back-
ground knowledge attack. The adversary utilizes the former

one to eavesdrop some input queries and output results
through the network. Then combining with some prior
knowledge obtained from the latter one about the basic
information of the user such as age or job, the adversary can
infer the location of the user with a relatively large probability.

The second group includes offline keyword guessing
attack as well as inference attack. There is a trapdoor gener-
ated from a search word and it does not leak any information
of this search word.The first attack guesses the content of the
encrypted data by computing trapdoors of some widely used
words. Simultaneously, the second attack combines some
background knowledge of the data content with some access
patterns to identify the trapdoor of some words.

The last group is divided into man-in-the-middle attack
(MITM) and link attack. For MITM, the adversary needs
to be a third party between users and servers. It needs
to guarantee that both two parties believe they are having
conversations directly with the other one. When it comes to
the link attack which is more commonly used, the adversary
combines the inaccurate location information of the user and
the data source from the outside to determine the accurate
location or the identification of the user.

In this paper, we are aiming at proposing an efficient
scheme for 𝑘-NN search with perfect privacy-preserving. In
the following part, we will illustrate the security analysis of
six different kinds of attacks that are mentioned previously.

3.3.1. The Correlation Attack. Correlation attack belongs to
the plaintext attacks that utilize a statistical weakness due to
a poor choice of the Boolean function.

The correlation attacks can be successfully mounted due
to the fact that obvious correlations between the output
of a special linear feedback shift register (LFSR) and the
outputs of all the LFSRs defined by Boolean functions can
be distinguished.Thus combining with part of the keystream
knowledge, an adversary can get the key of the special LFSR
by brute-forcing.

As for the correlation attack in EPCQP, the user sends𝜀pk(𝑃𝑡0,𝑗) and 𝜀pk(𝑞𝑀) which are all encrypted with dis-
tinct random numbers, with these random numbers being
changed every time. Therefore, the server will have no idea
of correlating queries issued by the user. It implies that our
scheme is secure under the correlation attack.

3.3.2. The Background Knowledge Attack. This kind of attack
exploits the close relationship between several standard com-
mon attributes where the sensitive attribute is exactly among
them. In this way, the adversary can reduce the cardinality of
the possible value set to find this sensitive attribute.

It can be seen that only the user knows the shifts amount
because it is encrypted in our scheme. As for the server, it can
learn nothing about the location though it can get the query
history and the profiles of the user. This arises from the fact
that the user can change the shifts amount every time while
all the sensitive information transferred is encrypted.

In terms of this attack in our scheme, we only transfer
the shifted location chosen by the user during the 𝑘-NN
search. The shifted location (𝐻-𝑖𝑛𝑑𝑒𝑥 + 𝑑 × 𝑡) mod (2𝑘 × 𝑑)
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is not sensitive because the shifts amount is selected by the
user independently and randomly. Therefore, no sensitive
information about the user will be leaked to the server, and
thus our scheme is resistant to this attack.

3.3.3.The Offline Keyword Guessing Attack. Generally speak-
ing, dictionary attack as well as offline guessing attack occurs
based on the fact that the so-called weak secrets may have
low entropy. This means that it comes from the value set of
a small cardinality. Similarly, the keywords also come from a
rather smaller set when compared with the weak secrets such
as passwords. Basically, low entropy means high probability,
so the user is more likely to use the low entropy keywords
when querying the table.

In our scheme, as for the offline keyword guessing attack,
taking the location of the user, for example, the user rarely
uses the low entropy keywords. Particularly, the location
data in the server is collected as a lookup-table which is not
the sensitive information of the user. Accordingly, by offline
keyword guessing attack, no one can guess location data of
the user during the query in our scheme.

3.3.4. The Inference Attack. The inference attack aims at
gaining knowledge of the user by analyzing the data. If the
adversary can obtain the real value of the sensitive informa-
tion with a relatively high probability, we say the user leaks
the information. In the whole process, the adversary cannot
directly obtain any data from some trivial information.

When it comes to the inference attack in our scheme, it
utilizes the access pattern of the user, such as a document that
contains previously queried keywords. However, no sensitive
information about the access pattern of the user will be
leaked to the server or an adversary because 𝑃𝑡𝑖,𝑗 and 𝑞𝑀 are
encrypted with distinct random numbers, and these random
numbers are scrambled by the user each time when the user
queries. Consequently, our scheme is robust to this attack.

3.3.5. The Man-in-the-Middle Attack. The man-in-the-
middle attack is a widely used attack where there exists a
third party called man-in-the-middle. It plays the role of a
user when communicating with the server and then it will
play the role of a server when facing the user. So it needs
to imitate all the information transmitted in the network
to make the user and the server believe that they are truly
having conversation with the other one.

There are two widely used methods in preventing man-
in-the-middle attack. Authentication is used to make sure
that the information transmitted during the communication
is from a legitimate source. Tamper detection ensures that the
information is not tampered during the transmission.

In our scheme, the user will never send any sensitive
information or plaintext to the server, nor will the server do.
The user only sends 𝑘, pk, (𝐻-𝑖𝑛𝑑𝑒𝑥 + 𝑑 × 𝑡) mod (2𝑘 × 𝑑),𝜀pk(𝑃𝑡0,𝑗), and 𝜀pk(𝑞𝑀). As for the server, it only needs to
send the parameters of Moore curve, lookup-table, 𝑑,𝑀, and
the final result set which is encrypted by the homomorphic
encryption scheme. Totally, they are encrypted with distinct
random numbers and the numbers are varied every time

when the user queries. Meanwhile the information of 𝑚
which is the location of the subtables is transmitted in the
form of 𝜀pk(𝑞𝑀). Thus, the adversary cannot play the role
of the server, because he has no idea of 𝑚 and cannot
communicate with the user. In sum, our scheme can defend
against this attack.

3.3.6. The Link Attack. When it comes to the link attack
which is more commonly used, the adversary combines the
inaccurate location information of the user and the data
source from the outside to determine the accurate location
or identification of the user. However, all of the location
information is represented as (𝐻-𝑖𝑛𝑑𝑒𝑥+𝑑× 𝑡) mod (2𝑘×𝑑)
in the aggregated subtable.The server can learn nothing from
the shift amount, though it may have access to the partial
knowledge of the data source from the outside.Therefore, our
scheme can also guarantee the security under link attack.

4. Performance Evaluation

In this section, we compare the performance of EPCQP
with that of the related two works: PCQP [8] and LPCQP
[9]. We adopt the homomorphic encryption scheme released
in HELib. The proposed scheme is implemented in JAVA
language and performed on a laptop computer with a 1.6 GHz
Intel Core i5 CPU and 4GB RAM.

We use two datasets including a uniform dataset and a
real-world dataset. Each dataset contains 10000 POIs. The
real-world dataset is extracted from the base stations datasets
in China. We randomly select 1000 locations on the map to
issue the 𝑘-NN search in each experiment and the results are
averaged.

4.1. Query Accuracy. The accuracy criteria have been well
used in data mining and machine learning areas [26–30].
Similarly, query accuracy is used for validation of the experi-
ment in this paper. The value of 𝑘 and 𝑀 is varied from 5 to
50 and from 10 to 500, respectively. Let 𝑅 and 𝐺 denote the
returned result set and the 𝑘-NN ground-truth result set, and
the accuracy rate is defined as𝑟acc = |𝑅 ∩ 𝐺||𝐺| . (13)

In LPCQP, only the 𝑚-th subtable is selected by the
user for searching. The number of the subtables will directly
affect the query accuracy. When 𝑘 is greater than 𝑛𝑝, the
server returns less than 𝑘 POIs to the user. Although the
computation cost is reduced by dividing the POI-table only
once in the initialization process, the query accuracy rate
decreases in some cases. After dividing the POI-table into𝑀 subtables, (𝑛 − 𝑛𝑝) POIs are lost due to the aggregating
subtables in (8). Hence, the quality of the results gets even
worse as the number of the subtables gets larger. In contrast,
the server can construct the subtables with a large unit
when 𝑀 is small, which guarantees that the number of
results satisfies the querying requirement.Nevertheless, when𝑛𝑝 is far greater than 𝑘, as mentioned in (7) and (8), the
computation cost incurred by the homomorphic additions
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Figure 6: Query accuracy rate versus k of the uniform dataset.
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Figure 7: Query accuracy rate versus k of the real-world dataset.

and multiplications will be too wasteful to find at most 𝑘
POIs. In order to find the maximum 𝑀 that satisfies the
high accuracy and significantly reduces the computation cost,
Utsunomiya et al. [9] defined the ratio 𝛼 as

𝛼 = 𝑟LPCQP𝑟PCQP , (14)

where 𝑟LPCQP and 𝑟PCQP denote the accuracy rate of LPCQP
and PCQP.The performance results showed that 𝑘/𝑛𝑝 should
be 0.5 or less in order to achieve 𝛼 ≥ 0.95. It means that when𝑛𝑝 ≥ 2𝑘, the scheme can keep a considerable high accuracy
and reduce the computation cost.

When 𝑘 > 𝑛𝑝/2, the entries lost from aggregating the
subtables are too much. The situation will get worse when k> 𝑛𝑝, and the user will receive less than 𝑘 results in this case.

In our scheme, 𝑛𝑝 = 2𝑘. As mentioned above, EPCQP
achieves a high query accuracy rate and reduces the compu-
tation cost which is presented in Section 4.2. The advantage
of EPCQP is obvious compared with the case that 𝑘 > 𝑛𝑝 in
LPCQP.

Figures 6 and 7 represent the accuracy rate versus 𝑘 for the
different datasets. It shows that the accuracy rate of EPCQP
is higher than that of LPCQP when 𝑀 is 500. Although the
accuracy rate of EPCQP is slightly lower than that of PCQP
and LPCQP when 𝑀 ≤ 100, it is still higher than that of
LPCQP when 𝑘 > 25 and 𝑀 = 200. The accuracy rate of
EPCQP is higher than 90% even if 𝑘 is large for the uniform
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Figure 8: 𝛼 versus k of the uniform dataset.
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Figure 9: 𝛼 versus k of the real-world dataset.

dataset, and it is higher than 84% when 𝑘 is large for the real-
world dataset. We define 𝛼 as𝛼 = 𝑟EPCQP𝑟LPCQP , (15)

where 𝑟EPCQP denotes the accuracy rate of EPCQP. Figures 8
and 9 indicate the ratio 𝛼 versus 𝑘 for the two datasets.When𝑀 = 1, the value of 𝛼 denotes the ratio of 𝑟EPCQP to 𝑟PCQP.
Note that the ratio 𝛼 is kept to 0.9 or above regardless of the
various 𝑘 for the two datasets. Particularly, for the cases of𝑀 = 500, EPCQP achieves 𝛼 ≥ 1 when 𝑘 ≥ 10. As shown in
Figures 8 and 9, EPCQP keeps high accuracy rate of LPCQP
when 𝑀 < 500 and improves the accuracy rate when 𝑀 =500. Besides, the advantage of EPCQPwill bemore significant
when 𝑀 is larger than 500.

4.2. Computation Cost. In the query process of EPCQP, the
server first divides the POI-table into𝑀 subtables. Compared
with calculation of ciphertexts and homomorphic encryp-
tion/decryption, the cost of dividing table is negligible. As
presented in Section 3.2.3, the server multiplies each element
of 𝜀pk(𝑞𝑀) by the POI-info column of the corresponding
subtable and then aggregates all the subtables into a table𝑡sub. The process of aggregating requires 𝑛multiplication and2𝑘(𝑀 − 1) additions according to (8). Finally, the server
multiplies 𝜀pk(𝑃𝑡) with the aggregated table 𝑡sub to obtain the
circularly shifted and decrypted POI-info datawhich requires𝑘(2𝑘 − 1) additions and (𝑘 × 2𝑘) multiplications.

Table 1 represents the computation cost of PCQP, LPCQP,
and EPCQP. Compared with the cost of shifting process, the
cost on aggregating subtables can be negligible when 𝑘 is
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Table 1: Comparison of computation cost on the server.

Scheme Addition Multiplication
PCQP 𝑘(𝑛 − 1) 𝑘𝑛
LPCQP 𝑛𝑝 (𝑀 − 1) + 𝑘(𝑛𝑝 − 1) 𝑛 + 𝑘𝑛𝑝
EPCQP 2𝑘 (𝑀 − 1) + 𝑘(2𝑘 − 1) 𝑛 + 2𝑘 × 𝑘
𝑛 and 𝑛𝑝 denote the number of all entries in the POI-table and a subtable,
respectively.
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Figure 10: Computational time for encrypting the circular shift
matrix.
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Figure 11: Computational time for the shifting process.

large. As mentioned in Section 4.1, in order to achieve a high
accuracy in LPCQP, 𝑛𝑝 should be greater than or equal to 2𝑘.
As shown in Table 1, the cost of multiplication in EPCQP
is lower than that in LPCQP when 𝑛𝑝 > 2𝑘. Besides, the
cost of addition in the shifting process is reduced obviously.
Therefore, our proposed scheme has a high accuracy with the
lower computation cost.

The proposed scheme has the approximate computational
time for aggregating subtables compared with that in LPCQP.
Figures 10 and 11 represent the computational time for
encrypting the circular shift matrix and the shifting process,
respectively. As shown in Figure 10, the computation cost on
encrypting the circular shift matrix in EPCQP becomes one-
thousandth of that in PCQP or below when 𝑘 ≤ 20, and it is
about one-tenth of that in LPCQP regardless of the various 𝑘
when 𝑀 = 10. Figure 11 shows that the computation cost of
the shifting process in EPCQP becomes one-thousandth of
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Figure 12: Total computation cost.

D
ec

re
as

in
g 

ra
te

 o
f t

he
 to

ta
l 

−1
−0.8
−0.6
−0.4
−0.2

0
0.2
0.4
0.6
0.8

1

co
m

pu
ta

tio
n 

co
st

10 15 20 25 30 35 40 45 505
k

M = 1

M = 10

M = 50

M = 100

M = 200

M = 500

Figure 13: Decreasing rate of the total computation cost.

that in PCQP or below when 𝑘 ≤ 30, and it is one percent
of that in LPCQP regardless of the various 𝑘 when 𝑀 = 10.
Figures 10 and 11 show that the computation cost of EPCQP
is lower than that in LPCQP when 𝑀 ≤ 100. Although the
computation cost of EPCQP is slightly higher than that in
LPCQP when 𝑀 = 200 and 𝑘 > 25, the accuracy rate of
EPCQP is higher than that of LPCQP. Figure 12 represents
the total computation cost of the PCQP, LPCQP, and EPCQP.
As shown in Figure 12, the computation cost of our scheme is
lower than that of LPCQP regardless of 𝑘when𝑀 ≤ 100.The
decreasing rate of the total computation cost is represented in
Figure 13. When 𝑀 = 1, it denotes the decreasing rate of the
total computation cost compared with that of PCQP. From
these results, the computation cost of our proposed scheme is
reduced by 99% or more compared with that of PCQP.When𝑘 ≤ 25 and𝑀 ≤ 200, the decreasing rates are positive number,
and it means that the computation cost of EPCQP is lower
than that of LPCQP.

Based on the above result, we can say that EPCQP keeps
high accuracy rate of LPCQPwhile reducing the computation
cost. There is a trade-off between the accuracy rate and the
computation cost of EPCQP.

4.3. Communication Cost. In this section, we discuss the
communication cost of our scheme. Table 2 shows the com-
munication cost of PCQP, LPCQP, and EPCQP. As described
in Section 3.2.4, the encryptedmatrix is constructed from the
first row. Let 𝑙 denote the bit-length of an encrypted POI-info.
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Table 2: Comparison of communication cost.

Scheme Uplink Downlink
PCQP 𝑙 × 𝑛 𝑙 × 𝑘
LPCQP 𝑙 (𝑛𝑝 + 𝑀) 𝑙 × 𝑘
EPCQP 𝑙 (2𝑘 + 𝑀) 𝑙 × 𝑘
n and 𝑛𝑝 denote the number of all entries in the POI-table and a subtable,
respectively.

The user sends 𝜀pk(𝑃𝑡0,𝑗) as (𝑙 × 𝑛) bits to the server in PCQP.
In LPCQP, the user sends 𝜀pk(𝑃𝑡0,𝑗) and 𝜀pk(𝑞𝑀) as 𝑙(𝑛𝑝 + 𝑀)
bits.The communication cost of our scheme is 𝑙(2𝑘+𝑀) bits.
After searching, the server returns 𝑘 results to the user.

As showed in Table 2, the downlink communication cost
of EPCQP is the same as PCQP and LPCQP. In the uplink
process, the communication cost of EPCQP is lower than that
of PCQP. In summary, the communication cost of our scheme
is in the same degree compared to LPCQP; meanwhile it
achieves high accuracy.

5. Related Work

The existing methods for location privacy protection mainly
fall into three categories.

5.1. Spatial Cloaking. Spatial cloaking [31–39] methods gen-
erate a cloaking region to the location server and the server
returns the query results to users or a trusted third party. 𝐾-
anonymity is themost commonmodel [40], which was firstly
implemented in LBS by Gruteser and Grunwald [1]. Chow
et al. [5] maintains the location information of the user by
using the R-tree structure, which is the classic method for
protecting the location of users by using the 𝑘-anonymity
model. It proposes a scheme that accurately searches 𝑘-
nearest neighbors in the rectangular anonymous region.

5.2. Location Obstruction. The user continues to submit
queries with a specific fake location to the location-based
server, and the server iteratively returns the results based on
the fake location until the user obtains the result that satisfies
the privacy and security requirements. The classic algorithm
of location obstruction is SpaceTwist [41], which requires
multiple rounds of communication, and the communication
cost required for each complete query is large.

5.3. Spatial Transformation. The principle of spatial trans-
formation for protecting location privacy is to convert
the location information from conventional data space to
another. The scheme [42] utilizes homomorphic encryption
to accomplish data interaction between users and servers.
Although it achieves strong privacy protection, it is difficult
to be adapted to the application environment of continuous
queries and real-time responses with extremely expensive
computation cost. In order to reduce the computation cost, a
scheme [6] based on Hilbert curve is proposed. The scheme,
which effectively reduces the computation cost of encryption,
transforms all POIs in two-dimensional space into a sequence

of integers in one-dimensional sequence and maintains
the original neighborhood relationship approximately. The
drawback of this scheme is that the query accuracy is not
high. A 𝑘-anonymous spatial region constructionmechanism
[7] is proposed for distributed systems. It combines the
user location with Hilbert-order to form a spatial area with
other peer nodes and then sends the area and the query
requirement to the server. HilAnchor scheme [43] is based
on SpaceTwist and Hilbert curve. With only two rounds
of communication, the user can get the exact 𝑘-nearest
neighbor POIs without the leakage of the location. The
MobiCrowd algorithm [44] utilizes the buffer to guarantee
that queries can be accomplished locally in order to reduce
the communication cost.

Query privacy is as important as location privacy. The
scheme [45] generates dummy queries so that the server
and the attacker cannot obtain the preference information
of the user by summarizing the rules of the query contexts.
An attack mode [46] marks a query according to the query
context, the location, and the querying time. Reference
[47] proposed the 𝑘-Approximate Beyond Suspicion scheme,
which first utilizes a clustering algorithm (such as the 𝐾-
means) to cluster the users who have the similar location and
issue the similar queries and then calculates the anonymous
areas according to 𝑘-anonymous to protect the privacy of the
location and query.

6. Conclusion

In this paper, we propose a privacy-preserving circular query
protocol with high accuracy and low complexity, which
can be utilized in the location-based 𝑘-NN search. With
the circular shift and the homomorphic encryption, the
proposed scheme accomplishes the efficient querying and
the privacy protection simultaneously. We adopt the method
that the server dynamically divides the encrypted POI-table
according to the query of the user. Our scheme mitigates
the drawbacks of PCQP and LPCQP without impairing the
advantages of them.The computation cost is reduced by 99%
ormore comparedwith that of PCQPby allowing a 6% reduc-
tion in the accuracy rate regardless of 𝑘. Comparing with
LPCQP when 𝑀 ≤ 100, the computation cost is reduced
by up to 47.5% with a 5% reduction in the accuracy rate.
With the rapid development of the spatial crowdsourcing,
the location privacy has attracted more and more attention.
We expect our scheme will inspire the research of location
privacy protection and encrypted data computing in spatial
crowdsourcing.
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With the increasing volume ofweb services in the cloud environment, Collaborative Filtering- (CF-) based service recommendation
has become one of the most effective techniques to alleviate the heavy burden on the service selection decisions of a target
user. However, the service recommendation bases, that is, historical service usage data, are often distributed in different cloud
platforms. Two challenges are present in such a cross-cloud service recommendation scenario. First, a cloud platform is often not
willing to share its data to other cloud platforms due to privacy concerns, which decreases the feasibility of cross-cloud service
recommendation severely. Second, the historical service usage data recorded in each cloud platform may update over time, which
reduces the recommendation scalability significantly. In view of these two challenges, a novel privacy-preserving and scalable
service recommendation approach based on SimHash, named SerRecSimHash, is proposed in this paper. Finally, through a set of
experiments deployed on a real distributed service quality datasetWS-DREAM, we validate the feasibility of our proposal in terms
of recommendation accuracy and efficiency while guaranteeing privacy-preservation.

1. Introduction

With the ever-increasing volume and variety of web services
in various web-based communities, it becomes a challenging
task to find the web services that a target user is really
interested in [1–3]. In this situation, various service recom-
mendation techniques are introduced to alleviate the heavy
burden on the service selection decisions of target users, for
example, the well-adopted user-based Collaborative Filtering
(i.e., UCF). According to traditional UCF, the similar friends
of a target user are often employed tomake recommendations
to the target user [4].Therefore, similar friend discovery is the
key step to the subsequent service recommendation.

Generally, the bases for similar friend discovery, that is,
historical service usage data (e.g., service quality observed by
users) are centralized; in this situation, it is easy to determine
the similar friends of a target user. However, in the age of IoT
(Internet of Things), the quality data of various services are
often monitored and collected by geographically distributed

sensors and stored in different cloud platforms [5]. In this
situation, the historical service usage data are not centralized,
but distributed. Such a distributed service recommendation
scenario calls for data sharing and collaboration between
different cloud platforms. However, as work [6] indicates,
this kind of cross-platform data sharingmay bring additional
privacy leakage risk, which decreases the feasibility of cross-
cloud service recommendation severely. Besides, for the
involved multiple cloud platforms, their volume of service
quality data may become increasingly huge with updates
over time, which leads to a frequent recalculation of user
similarity and hence reduces the recommendation scalability
significantly.

In view of these two challenges, a novel privacy-
preserving and scalable service recommendation approach
based on SimHash, named SerRecSimHash, is put forward in
this paper. Our SerRecSimHash can achieve a good recom-
mendation performance in terms of accuracy, efficiency, and
privacy-preservation.
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Generally, the contributions of this paper are threefold:

(1) To the best of our knowledge, existing research works
seldom consider the service recommendation in a
distributed cloud environment, as well as the result-
ing privacy-preservation problems. In this paper, we
formalize this privacy-preserving service recommen-
dation problem and clarify its research significance.

(2) We put forward a novel service recommendation
approach based on offline SimHash technique [7],
named SerRecSimHash, to protect the private infor-
mation of most users in different cloud platforms,
andmeanwhile improve the service recommendation
efficiency and scalability.

(3) We conduct a set of experiments based on a real
distributed service quality dataset WS-DREAM to
validate the feasibility of our proposed SerRecSimHash
approach. Experiment results show that SerRecSimHash
achieves a good performance in terms of recommen-
dation accuracy and scalability while guaranteeing
privacy-preservation.

The rest of the paper is organized as follows. Related
work is presented in Section 2. Research motivation is
demonstrated in Section 3. In Section 4, we introduce the
details of our proposed service recommendation approach
SerRecSimHash. In Section 5, a set of experiments are con-
ducted based onWS-DREAM dataset, to validate the feasibil-
ity and advantages of our proposal. And finally, in Section 6,
we summarize the paper and point out the future research
directions.

2. Related Work

Collaborative Filtering (i.e., CF) has become one of the most
effective techniques in various recommender systems. User-
based CF and item-based CF are brought forth for high-
quality service recommendation in [4] and [8], respectively.
In order to combine their advantages, a hybrid CF recom-
mendation approach is introduced in [9]. Experiment results
show that the hybrid approach improves the recommen-
dation performance. As the quality of a web service often
depends on the service execution context (e.g., time, loca-
tion), time-aware CF and location-aware CF are proposed
in [10] and [11], respectively, to improve the accuracy of
recommended results. However, the above approaches can-
not handle the recommendation problems where historical
service usage data are very sparse. In view of this drawback, a
belief propagation-based approach is proposed in [12], to find
the potential friends of the target user.

However, the above approaches all assume that the service
recommendation bases, that is, historical service usage data,
are centralized, without considering the distributed service
recommendation scenarios as well as the resulting privacy
leakage risk. In view of this drawback, the authors in [13]
suggest that a user should release only a small portion of
his/her observed service quality data to the public so that the
remaining majority of user-service quality data are secure.
However, the released small portion of data can still reveal
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Figure 1: Cross-cloud service recommendation: an example.

part of a user’s private information. In order to protect
user privacy completely, the data obfuscation technique is
adopted in [14] to hide the real service quality data by
adding an obfuscated data item. However, as the service
quality data used to make service recommendations have
been obfuscated, the recommendation accuracy is decreased
accordingly; besides, additional time cost is brought by the
adopted data obfuscation operation. Similarly, a segment-
based data hiding approach is introduced in [15], where each
piece of user-service quality data is divided into several data
segments, and then the data segments are employed to calcu-
late user similarity approximately and make further service
recommendation. However, there are still two shortcomings
in this approach. First, the data segmentation process often
takes much time, which decreases the recommendation
efficiency heavily. Second, it fails to protect some important
privacy information appropriately, for example, the informa-
tion of the service intersection commonly invoked by two
users. Locality-sensitive hashing technique is recruited in
[16] to protect and realize the privacy-preservation purpose;
however, only partial private information of users can be
protected very well.

In view of the drawbacks of existing approaches, a novel
privacy-preserving and scalable service recommendation
approach based on SimHash, that is, SerRecSimHash, is pro-
posed in this paper, to cope with the service recommendation
problems in the distributed cloud environment. Next, an
example is presented in Section 3 to further demonstrate the
research motivation of our paper.

3. Research Motivation

An intuitive example is presented in Figure 1 to motivate our
paper. Here, 𝑢target denotes a target user to whom Amazon
platform intends to recommend services; 𝑢1 and 𝑢2 are two
users whose observed service quality data are recorded in
Microsoft and IBM platforms, respectively; {𝑤𝑠1, . . . , 𝑤𝑠𝑛} are
the candidate services for recommendation. Specifically, if a
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Step 1 (buliding user indexes offline based on SimHash). For each user 𝑢𝑖 ∈ 𝑈, calculate
his/her hash value𝐻(𝑢𝑖) offline based on SimHash. Then𝐻(𝑢𝑖) is regarded as the index
for 𝑢𝑖.
Step 2 (finding “probably similar” friends of the target user). According to the same hash
function adopted in Step 1, calculate user index for 𝑢target, that is,𝐻(𝑢target). If the Hamming
Distance between𝐻(𝑢target) and𝐻(𝑢𝑖) is smaller than 3, then 𝑢𝑖 is considered as a
“probably similar” friend of 𝑢target.
Step 3 (finding “really similar” friends of the target user). For a “probably similar” friend 𝑢𝑖
obtained in Step 2, calculate his/her similarity with 𝑢target; if the similarity is larger than a
threshold 𝑃, then 𝑢𝑖 is a “really similar” friend of 𝑢target.
Step 4 (service recommendation). According to 𝑢target’s “really similar” friends derived in
Step 3, predict the quality of services never invoked by 𝑢target and recommend the
quality-optimal services to 𝑢target.

Box 1: Four steps of service recommendation approach SerRecSimHash.

user has never invoked a service, the corresponding service
quality data is null.

Next, according to traditional UCF, the first step is to
calculate user similarity sim(𝑢target, 𝑢1) and sim(𝑢target, 𝑢2) so
as to determine the similar friends of 𝑢target. However, the
above user similarity calculation process involves the cross-
platform collaborations and hence faces the following two
challenges:

(1) Generally,Microsoft and IBM are not willing to share
their recorded service quality data to Amazon due
to privacy concerns, which decreases the feasibility
of cross-cloud user similarity calculation and subse-
quent service recommendation severely.

(2) InAmazon,Microsoft, and IBM, the volume of service
quality data may become increasingly huge with
updates over time; in this situation, the collaboration
efficiency and scalability are often reduced signifi-
cantly and hence cannot satisfy the quick recommen-
dation requirements from target users.

In view of these two challenges, a privacy-preserving
and scalable service recommendation approach, that is,
SerRecSimHash, is proposed in this paper, which will be
introduced in detail in the next section.

4. A SimHash-Based Service
Recommendation Approach

In this section, a privacy-preserving and scalable approach,
that is, SerRecSimHash, is proposed to handle the distributed
service recommendation problems. The main idea behind
SerRecSimHash is: the users who have invoked the most
common services can be regarded as “probably similar”
friends [17]; therefore, we first utilize SimHash to look for
a small number of “probably similar” friends of the target
user, in a privacy-preserving and scalable way; afterwards, we
determine the target user’s “really similar” friends from the
“probably similar” ones; finally, we make service recommen-
dations to the target user based on the preferences of his/her
“really similar” friends.

Concretely, SerRecSimHash consists of the four steps in
Box 1. Here, 𝑢target denotes a target user, 𝑈 is the user set
in multiple involved cloud platforms, {𝑤𝑠1, . . . , 𝑤𝑠𝑛} is the
candidate service set, and𝐻(𝑢) denotes the hash value of user𝑢 based on SimHash.

Step 1 (building user indexes offline based on SimHash). For
each user 𝑢𝑖 ∈ 𝑈, according to his/her historical service invo-
cation records, we can build his/her index offline, denoted by𝐻(𝑢𝑖), based on SimHash technique (see Figure 2). Here, 𝑚
and 𝑛 denote the number of users and number of services,
respectively. Next, we introduce how to obtain𝐻(𝑢𝑖).

First, for each service 𝑤𝑠𝑗 ∈ 𝑊𝑆, we can generate
a random 𝑟-dimensional 0-1 vector V𝑗 where 𝑟 = ⌈log𝑛2⌉
(here, ⌈𝑥⌉ means the upper integer of 𝑥; e.g., ⌈3.4⌉ = 4).
Considering the example in Figure 2, 𝑟 = 6 and the 0-1 vector
corresponding to service 𝑤𝑠1, that is, V1 = (0, 0, 0, 0, 0, 1)
holds. Then according to the historical service invocation
records, 𝑢𝑖 can be denoted by a 𝑛-dimensional vector ℎ1(𝑢𝑖) =(𝑉1, . . . , 𝑉𝑛) in (1).

𝑉𝑗 = {{{
V𝑗 if 𝑢𝑖 has invoked 𝑤𝑠𝑗 before
Null if 𝑢𝑖 has never invoked 𝑤𝑠𝑗 before. (1)

Next, in vector ℎ1(𝑢𝑖), we drop the dimensions with null
value and replace value “0” by value “−1”, after which a
new vector ℎ2(𝑢𝑖) is achieved (see Figure 2(2)). Then for
the derived 𝑛 ∗ 𝑟 (at most) matrix corresponding to vectorℎ2(𝑢𝑖), we calculate the sum of its each column. Afterwards,
we obtain a new vector ℎ3(𝑢𝑖) (see Figure 2(3)), where the
positive and negative values are replaced by “1” and “0”,
respectively, after which 𝑟-dimensional 0-1 vector𝐻(𝑢𝑖) (see
Figure 2(4)) is obtained. Then according to SimHash theory
[6],𝐻(𝑢𝑖) can be regarded as the index for user 𝑢𝑖. This way,
we can build indexes for all the users in set 𝑈.

For a user, his/her historical service invocation data
are recorded by a certain cloud platform (e.g., Amazon or
Microsoft or IBM in Figure 1); therefore, the user index can
be built offline beforehand by the cloud platform so as to
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Figure 2: User indexes building procedure in Step 1: an example.

reduce the time cost. Besides, through SimHash, each user𝑢𝑖 is encapsulated into a less-sensitive user index 𝐻(𝑢𝑖),
without revealing his/her sensitive information (e.g., whether
he/she has invoked a service or not, a service’s running quality
observed by him/her) to other platforms. Therefore, user
privacy is protected.

Step 2 (finding “probably similar” friends of the target user).
According to same hash functions adopted in Step 1, we
calculate the index for the target user, that is, 𝐻(𝑢target).
Next, we calculate the Hamming Distance between𝐻(𝑢target)
and 𝐻(𝑢𝑖) (1 ≤ 𝑖 ≤ 𝑚), denoted by 𝐷(𝐻(𝑢target),𝐻(𝑢𝑖)).
Concretely, suppose 𝐻(𝑢target) and 𝐻(𝑢𝑖) are denoted by 𝑟-
dimensional vectors (Vtarget-1, . . . , Vtarget-𝑟) and (V𝑖-1, . . . , V𝑖-𝑟),
respectively. Then 𝐷(𝐻(𝑢target),𝐻(𝑢𝑖)) can be calculated by
(2), where 𝑎𝑘 is a Boolean value calculated by (3). Here,
symbol “⊕” denotes the XOR operation.

𝐷(𝐻(𝑢target) ,𝐻 (𝑢𝑖)) = ∑𝑎𝑘 (1 ≤ 𝑘 ≤ 𝑟) (2)

𝑎𝑘 = Vtarget-𝑘 ⊕ V𝑖-𝑘 = {{{
1 if Vtarget-𝑘 ̸= V𝑖-𝑘
0 if Vtarget-𝑘 = V𝑖-𝑘. (3)

According to SimHash [6], if 𝐷(𝐻(𝑢target),𝐻(𝑢𝑖)) <
3 holds, then we can conclude that the services invoked
by 𝑢target and 𝑢𝑖 are approximately the same. In other
words, 𝑢𝑖 can be regarded as a “probably similar” friend
of 𝑢target and then put into set Prob Sim Friend(𝑢target).
Moreover, the size of Prob Sim Friend(𝑢target), that is,|Prob Sim Friend(𝑢target)|, is often small (≪𝑚) due to the
nature of SimHash.

Step 3 (finding “really similar” friends of the target user).
The users in set Prob Sim Friend(𝑢target) (obtained in Step 2)
are only “probably similar” friends of the target user, not
necessarily “really similar” friends. Considering this point,
in this step, we further determine the “really similar” friends
of the target user from set Prob Sim Friend(𝑢target). Con-
cretely, for any 𝑢𝑖 ∈ Prob Sim Friend(𝑢target), we calculate
his/her similarity with 𝑢target, that is, Sim(𝑢target, 𝑢𝑖), based
on Pearson Correlation Coefficient (PCC) [18] in (4) (as

|Prob Sim Friend(𝑢target)| is often small, only a small number
of users take part in the user similarity calculation process
in (4); as a consequence, we can protect the private service
quality data observed by the remaining majority of users).

In (4), symbol 𝐼 denotes the service intersection invoked
by 𝑢target and 𝑢𝑖; 𝑞 is a quality dimension of web services,
for example, response time; 𝑞target-𝑗 and 𝑞𝑖-𝑗 represent service𝑤𝑠𝑗’s quality values over dimension 𝑞 observed by 𝑢target and𝑢𝑖, respectively; 𝑞target and 𝑞𝑖 denote 𝑢target’s and 𝑢𝑖’s average
quality values over dimension 𝑞 of all the services invoked
by 𝑢target and 𝑢𝑖, respectively. Specifically, if the service
intersection 𝐼 = Null, Sim(𝑢target, 𝑢𝑖) = 0 holds. Moreover, if
condition in (5) holds, 𝑢𝑖 can be regarded as a “really similar”
friend of 𝑢target and put into set Real Sim Friend(𝑢target).
Here, symbol𝑃 is a predefined similarity threshold (0.5 ≤ 𝑃 ≤1).
Sim (𝑢target, 𝑢𝑖)

= ∑𝑤𝑠𝑗∈𝐼 (𝑞target-𝑗 − 𝑞target) ∗ (𝑞𝑖-𝑗 − 𝑞𝑖)
√∑𝑤𝑠𝑗∈𝐼 (𝑞target-𝑗 − 𝑞target)2 ∗ √∑𝑤𝑠𝑗∈𝐼 (𝑞𝑖-𝑗 − 𝑞𝑖)2

(4)

Sim (𝑢target, 𝑢𝑖) ≥ 𝑃. (5)

Step 4 (service recommendation). For all the users 𝑢𝑖 in set
Real Sim Friend(𝑢target) (obtained in Step 3), we rank them
by Sim(𝑢target, 𝑢𝑖) (see (4)) in descending order and return
the Top 3 (at most) similar friends (denoted by set 𝑈top-3)
of the target user. Afterwards, for each service never invoked
by the target user, denoted by 𝑤𝑠𝑗, we predict its quality over
dimension 𝑞 observed by 𝑢target, that is, 𝑞target-𝑗, by (6), where𝑢𝑖 ∈ 𝑈top-3 and 𝑞𝑖-𝑗 represents service 𝑤𝑠𝑗’s quality value over
dimension 𝑞 observed by 𝑢𝑖. Finally, we select the service
with the optimal predicted quality and recommend it to the
target user, so as to finish the whole service recommendation
process.

𝑞target-𝑗 = ∑𝑢𝑖∈𝑈top-3 Sim (𝑢target, 𝑢𝑖) ∗ 𝑞𝑖-𝑗∑𝑢𝑖∈𝑈top-3 Sim (𝑢target, 𝑢𝑖)
. (6)
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Figure 3: Recommendation efficiency comparison of four approaches.

5. Experiments

5.1. Experiment Configurations. In this section, a set of
experiments are deployed on WS-DREAM dataset [19] to
validate the feasibility of our proposed recommendation
approach SerRecSimHash. WS-DREAM is a real-world service
quality (e.g., throughput) set obtained from 339 users on
5825 web services from different countries. To simulate the
recommendation scenario that we focus on in this paper (i.e.,
recommendation in a distributed cloud environment), each
country is regarded as a cloud platform.

We compare our approach with a benchmark approach
UPCC [20] and another two up-to-date privacy-preserving
recommendation approaches, that is, P-UIPCC [14] and
PPICF [15]. Many works, for example, [21–23], consider the
time cost and the MAE as the evaluation criteria; likewise,
we also adopt these two criteria in this paper (in our
SerRecSimHash approach, most user privacy information, e.g.,
whether a user has invoked a service or not and service quality
observed by a user, can be protected by the intrinsic nature
of SimHash; therefore, we will not evaluate the capability of
privacy-preservation of our proposal here).

(1) Time cost: the consumed time for recommending a
web service to the target user, which can be used to
measure the recommendation efficiency and scalabil-
ity.

(2) MAE: the difference between the predicted quality
and real quality of recommended services (the smaller
the better), which can be used to measure the recom-
mendation accuracy.

The density of user-service quality matrix is set at 3%
and the experiments are conducted on a Lenovo laptop with
2.40GHz processor and 12.0GB RAM.The laptop is running
under Windows 10 and JAVA 8. Each experiment is repeated
10 times and the average experiment results are reported.

5.2. Experiment Results and Analyses. Concretely, the follow-
ing four profiles are tested and compared, respectively. Here,

𝑚 and 𝑛 denote the number of users and number of web
services, respectively; user similarity threshold𝑃 = 0.5 holds.
Profile 1: Recommendation Efficiency Comparison. In this
profile, we test the time cost of our proposal with respect to𝑚 and 𝑛 and compare it with the remaining three approaches.
The experiment parameters are set as follows: 𝑚 is varied
from 50 to 300; n is varied from 1000 to 5000. The concrete
experiment results are shown in Figure 3 (𝑛 = 5000 holds in
Figure 3(a) and𝑚 = 300 holds in Figure 3(b)).

As can be seen from Figure 3(a), the time costs of UPCC,
P-UIPCC, and PPICF approaches all increase approximately
linearly with the growth of 𝑚; this is because more time
is needed to calculate user similarities when the number
of users, that is, 𝑚, becomes larger, while our proposed
SerRecSimHash approach outperforms those three ones in
terms of time cost, as most jobs (e.g., user indexes building)
can be finished offline before a service recommendation
request arrives. Furthermore, after the hashing process, only a
few “probably similar” friends of the target user are obtained;
as a consequence, little time is taken to find the “really
similar” friends of the target user from the small number of
“probably similar” friends. Due to the above two reasons, the
recommendation efficiency and scalability of our proposed
SerRecSimHash approach are improved significantly. Similar
comparison results can be observed from Figure 3(b), whose
reasons are the same as those in Figure 3(a) and will not be
discussed repeatedly.

Profile 2: Recommendation Accuracy Comparison. Accuracy
is a key criterion to evaluate the quality of a recommender
system. Therefore, in this profile, we test the MAE (the
smaller the better) of our proposal and compare it with the
remaining three approaches. The experiment parameters are
set as follows:𝑚 is varied from 50 to 300; 𝑛 is varied from 1000
to 5000.The experiment results are presented in Figure 4 (𝑛 =5000 holds in Figure 4(a) and𝑚 = 150 holds in Figure 4(b)).

As Figure 4 shows, the recommendation accuracy values
of P-UIPCC and PPICF approaches are often low (i.e.,
MAE values are high), as many approximate operations are
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Figure 4: Recommendation accuracy comparison of four approaches.
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Figure 5: |Prob Sim Friend(𝑢target)| with respect to𝑚 and 𝑛.

recruited in these two approaches to protect the user pri-
vacy, for example, data obfuscation technique adopted in P-
UIPCC approach and data segmentation-merging technique
recruited in PPICF approach. These techniques on one hand
can protect the privacy information of users effectively and
on the other hand decrease the accuracy of recommended
results, while our proposed SerRecSimHash approach achieves
the approximate service recommendation accuracy as the
benchmark approach UPCC, as the SimHash technique
adopted in SerRecSimHash can guarantee finding the “really
similar” friends of a target user with high probability and
thereby can achieve a high recommendation accuracy.

Profile 3: Number of “Probably Similar” Friends of the Target
User in 𝑆𝑒𝑟𝑅𝑒𝑐𝑆𝑖𝑚𝐻𝑎𝑠ℎ with respect to 𝑚 and 𝑛. In our
SerRecSimHash approach, a small number of “probably similar”
friends (the number is |Prob Sim Friend(𝑢target)|) of a target
user are obtained. In this profile, we test the relationship

between |Prob Sim Friend(𝑢target)| and𝑚 and 𝑛. Experiment
parameters are set as follows: 𝑚 is varied from 50 to 300; 𝑛
is varied from 1000 to 5000. The concrete experiment results
are presented in Figure 5.

As Figure 5(a) shows, the value of |Prob Sim
Friend(𝑢target)| increases approximately linearly with the
growth of 𝑚; this is because it is more probable to find a
“probable friend” of the target user when the candidate user
space becomes larger. As Figure 5(b) shows, the value of|Prob Sim Friend(𝑢target)| increases relatively slowly when𝑛 rises, whose reasons are twofold. First, more valuable
recommendation information is available when the number
of services, that is, 𝑛, increases; as a consequence, more
“probably similar” friends of the target user can be found
by our proposed SerRecSimHash approach. Second, due to
the intrinsic nature of SimHash technique adopted in our
SerRecSimHash approach, the number of services, that is, 𝑛,
does not influence the finding process of “probably similar”
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Figure 6: Recommendation failure rate of SerRecSimHash with respect to𝑚 and 𝑛.

friends directly in our proposal and, hence, the influence of
parameter 𝑛 stressed on |Prob Sim Friend(𝑢target)| is not so
obvious as that in Figure 5(a).

Profile 4: Recommendation Failure Rate of 𝑆𝑒𝑟𝑅𝑒𝑐𝑆𝑖𝑚𝐻𝑎𝑠ℎ with
respect to 𝑚 and 𝑛. The SimHash technique adopted in
this paper is essentially a kind of probability-based similar
neighbor finding approach [24]. Therefore, our proposed
SerRecSimHash approach may fail to return any recommended
result in certain situations, that is, a failure occurs. Con-
sidering this point, in this profile, we test the recommen-
dation failure rate of SerRecSimHash with respect to 𝑚 and𝑛. Concretely, failure rate can be measured by the equation
in (7), where Numsuccess and Numfail represent the number
of successful service recommendations and the number of
failed service recommendations, respectively. The concrete
experiment parameters are set as follows:𝑚 is varied from 50
to 300; 𝑛 is varied from 1000 to 5000. The experiment results
are shown in Figure 6.

failure rate = ( Numfail(Numsuccess +Numfail)) ∗ 100%. (7)

As Figure 6(a) shows, the failure rate of SerRecSimHash
approach decreases with the growth of m; this is because it
is more probable to find the “probably similar” friends of
a target user when the candidate space of users becomes
larger. Moreover, the failure rate approaches 0 when 𝑚 is
large enough, for example, when 𝑚 = 200, 250, or 300.
Figure 6(b) shows the relationship between failure rate of
SerRecSimHash and the number of services, that is, 𝑛. As
indicated in Figure 6(b), the failure rate approximately drops
with the growth of 𝑛; this is because when the number of
services increases, the probability that two users have invoked
the common services grows accordingly, and hence it is more
probable to find the “probably similar” friends of a target user.
Furthermore, as can be seen from Figure 6(b), the failure
rate of SerRecSimHash approach approaches 0 when 𝑛 is large
enough, for example, when 𝑛 = 5000.

5.3. ShortcomingAnalyses. In terms of the experiment results,
we can conclude that SerRecSimHash approach achieves a good
tradeoff among the recommendation accuracy, efficiency,
and failure rate while guaranteeing privacy-preservation.
However, other evaluation criteria are not discussed in
depth, such as the well-known consistency criterion (e.g., the
inferred friend consistency) suggested in work [25]. Besides,
as [26] indicates, weight plays an important role in the final
evaluation results; however, we do not consider the weight of
found friends in this paper for simplicity.

6. Conclusions and Future Work

In the distributed cloud environment, a cloud platform is
often not willing to share its recorded user-service invocation
data with other cloud platforms due to privacy concerns,
which decreases the feasibility of cross-cloud collaborative
service recommendation severely. Besides, the user-service
invocation data recorded by each cloud platformmay update
over time, which reduces the recommendation scalability
significantly. In view of these two challenges, a novel privacy-
preserving and scalable service recommendation approach
based on SimHash, that is, SerRecSimHash, is put forward in
this paper. To validate the feasibility of our proposal, we con-
duct a set of experiments based on a real distributed service
quality dataset WS-DREAM. Experiment results show that
SerRecSimHash outperforms the other up-to-date approaches
in terms of recommendation accuracy and efficiency while
guaranteeing privacy-preservation.

As work [27] indicates, SimHash is essentially a
probability-based search technique and, hence, failure is
inevitable in certain situations. Considering this point, in
the future, we will continue to refine our proposal so as to
further decrease the recommendation failure rate and boost
the recommendation robustness. Besides, due to the inherent
shortcoming of various hash-based privacy-preservation
techniques suggested in [28], it is hard to evaluate the
privacy-preservation performance of our proposal. In the
future, we hope to find well-adopted technical criteria
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to evaluate the effectiveness of our proposal in terms of
privacy-preservation. Moreover, work [29] proposes to
utilize the semantic information to improve the retrieval
performance; likewise, we hope to refine our work by adding
more semantic information in the future.
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Linear regression (LR) and its variants have been widely used for classification problems. However, they usually predefine a strict
binary labelmatrix which has no freedom to fit the samples. In addition, they cannot deal with complex real-world applications such
as the case of face recognition where samples may not be linearly separable owing to varying poses, expressions, and illumination
conditions. Therefore, in this paper, we propose the kernel negative 𝜀 dragging linear regression (KNDLR) method for robust
classification on noised and nonlinear data. First, a technique called negative 𝜀 dragging is introduced for relaxing class labels and
is integrated into the LR model for classification to properly treat the class margin of conventional linear regressions for obtaining
robust result.Then, the data is implicitly mapped into a high dimensional kernel space by using the nonlinear mapping determined
by a kernel function to make the data more linearly separable. Finally, our obtained KNDLR method is able to partially alleviate
the problem of overfitting and can perform classification well for noised and deformable data. Experimental results show that the
KNDLR classification algorithm obtains greater generalization performance and leads to better robust classification decision.

1. Introduction

Least squares regression (LSR) has beenwidely used formany
fields of pattern recognition and computer vision. Owing
to LSR being mathematically tractable and computationally
efficient, in the past, many variants have been proposed.
Notable LSR algorithms include weighted LSR [1], partial
LSR [2], and other extensions (e.g., nonnegative least squares
(NNLS) [3]). In the pattern recognition community, LSR is
also referred to as minimum squared error algorithm [4–
6]. Moreover, very competent extensions of least squares
regression such as regularized least squares regression [7] are
also proposed. Among extensions of least squares regression,
sparse regression [8] and low-rank regression [9, 10] can
obtain notable performance. The relationship between the
regression and other methods such as locally linear embed-
ding and local tangent space alignment is also studied [11].
In addition, LSR is also applied to semisupervised learning.
Nie et al. [12] proposed adaptive loss minimization for
semisupervised elastic embedding. Fang et al. [13] proposed

learning a nonnegative sparse graph for linear regression
for semisupervised learning, in which linear regression and
graph learning were simultaneously performed to guarantee
an overall optimum.

LSR can be simply described as follows. Before con-
ventional least squares regression (CLSR) is applied for
classification [3, 14, 15], it assigns different fixed class labels
to training samples of different classes. Then it employs the
least squares regression algorithm to achieve a mapping that
is able to transform training samples into approximations of
their class labels. Finally CLSR uses the obtained mapping
to predict the class label of every test sample. In addition
to classification problems, least squares regression is also
applied to subspace segmentation [16], matrix recovery [17],
and feature selection [18].

The sparse representation classification (SRC) [19–21],
recently proposed, can be regarded as a special form of least
squares regression. Differing fromLSR, it achieves an approx-
imation of a test sample via a sparse linear combination of all
training samples. Also collaboration representation [22] and
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linear regression classification [23] are similar. An overview
of sparse representation is provided in [24]. However, for
classification tasks, because SRCmust solve a set of equations
for classifying every sample, CLSR is computationally much
more efficient than SRC.

Xiang et al. proposed discriminative least squares regres-
sion (DLSR) [25]. The core idea is, under the conceptual
framework of least squares regression, to achieve a larger
class margin than the class margin obtained using CLSR for
classification algorithms by using the 𝜀 dragging technique,
which plays a similar role in enlarging the margin as other
largemargin classifiers proposed in [26–28].The idea of using
slack variable to relax the model has been widely used in the
related field [29]. When the distribution of training samples
is in accordance with that of test samples, the classifier
learned from training samples can well adapt to test samples.
Under the condition, since the classifier learned from training
samples has a very large class margin, it can also obtain
a satisfactory class margin for test samples. Accordingly
the original 𝜀 dragging technique can perform well. In
other words, a high classification accuracy can be produced.
However, in real-world applications, owing to the noise or
deformability of the object, the difference between training
samples and test samples from the same class may be much.
For example, it is well known that face images are a kind
of deformable objects (owing to varying poses, expressions,
and illumination conditions). Two-face images from the same
subject have much difference. This difference may be even
greater than that of two-face images obtained from two
distinctive subjects. In this case, a large margin classifier
obtained by using training samples is not usually suitable for
test samples. In other words, it probably performs badly in
classifying the test samples. On the contrary, reducing the
class margin usually achieves better classification accuracy
for classification problems on noised data. Thus, we focus
on determining a proper margin by using the negative 𝜀
dragging technique and producing a robust classifier for
pattern classification on noised and deformable data.

Furthermore, we focus on introducing the kernel trick
to improve the 𝜀 dragging linear regression. In machine
learning, the kernel trick is originally utilized to construct
nonlinear support vector machines (SVMs) [30–32]. In the
last more than 10 years, many kernel based approaches
have been proposed, such as well-known kernel principal
component analysis (KPCA) [33, 34] and kernel Fisher
discriminant analysis (KFDA) [35]. For classification, Yu et
al. presented the kernel nearest neighbor (KERNEL-NN)
classifier [36]. KERNEL-NN applies the nearest neighbor
classification method in the high dimensional feature space.
The KERNEL-NN classifier could perform better than the
NN classifier by utilizing an appropriate kernel. Kernel sparse
representation classification (KSRC) is also presented [37,
38]. So far, by using kernel tricks [39], almost all linear
learning methods can be generalized to the corresponding
nonlinear ones.The kernel trick [40] goes a large step toward
the goal of classifying heterogeneous data.These kernel based
algorithms improve the computational ability of the linear
algorithms. They first implicitly map the data in the input
space into a high or even infinite dimensional kernel feature

space [18, 41] by a nonlinearmapping and then perform linear
processing in the kernel feature space by using the inner
products, which can be computed by a kernel function. As
a result, these kernel based algorithms perform a nonlinear
transformation with respect to the input space.

As is well known, kernel approach can change the
distribution of samples by the nonlinear mapping. If an
appropriate kernel function is utilized, kernel approach is able
to make the data of different classes more linearly separable.
Therefore, kernel based algorithms can perform classification
well.This motivated us to integrate kernel method into linear
regression for classification. If an appropriate kernel function
is utilized, more samples from the same class are close to
each other and samples from distinct classes are far from
each other in the high dimensional feature space. Hence,
in the high dimensional feature space, it is easy to learn a
mapping that can well convert training samples into their
class labels. Namely, linear transformation matrix learned in
the high dimensional feature space can more appropriately
map samples into their class labels and has more powerful
discriminating ability.

Based on the above two aspects, we propose the kernel
negative 𝜀 dragging linear regression (KNDLR) method in
this paper. For KNDLR, samples are implicitly mapped
into a high dimensional feature space first, and then linear
regression with the negative 𝜀 dragging is performed in
this new feature space. We prove that KNDLR in the high
dimensional feature space can be formulated in terms of
the inner products, while the inner products could be
computed by kernel function. Thus KNDLR is easy to be
implemented and has low computation cost.The classifier can
generalize well because we propose and use the negative 𝜀
dragging technique, and kernel approach is also integrated
into KNDLR. Comprehensive experiments demonstrated
the superior characteristics of KNDLR. In summary, the
contributions of the proposed method are as follows.

(1) It relaxes the strict binary label matrix that is used
in conventional LR into a slack variable matrix which has
more freedom to fit the sample. The proper margins between
different classes are achieved by using the negative 𝜀 dragging
technique. Previously researchers usually focus on enlarging
the margin between different classes, whereas the negative𝜀 dragging technique proposed by us seems to be a new
contrary idea, which is useful to overcome the overfitting
problem and to enhance the robustness of the algorithm on
unseen samples, for example, test samples.

(2) The kernel approach is also integrated into our
method. We show that KNDLR in the high dimensional
feature space can be formulated in terms of the inner
products, and the inner products could be computed by the
kernel function. Thus KNDLR only needs to calculate the
kernel function rather than directly calculating data in the
high dimensional feature space corresponding to the kernel
function.

(3) An algorithm named KNDLR is devised for the
proposed method. The validity of the algorithms is tested on
six image datasets.

The other parts of the paper are organized as follows.
Section 2 briefly reviews works related to this paper. In
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Section 3, our method is presented. In Section 4, analysis of
our method is provided. Experimental results are reported in
Section 5. Finally, Section 6 offers the conclusion of this paper.

2. Related Works

In this section, we first introduce the CLSR for classification.
Then, the kernel trick is briefly reviewed.

2.1. Conventional Least Squares Regressions for Classification.
The collection of 𝑛 training samples is represented as amatrix
𝑋 = [𝑥1, . . . , 𝑥𝑛]𝑇 ⊂ 𝑅𝑛×𝑚. 𝑥𝑖 is a training sample in the
form of column vector. If the training sample is a two-dimen-
sional image, then it is converted into one column vector in
advance.The objective function of conventional least squares
regression (CLSR) for classification is as follows:

min
𝑊

‖𝑋𝑊 − 𝑌‖2𝐹 + 𝜆 ‖𝑊‖2𝐹 , (1)

where 𝑌 = [𝑦1, . . . , 𝑦𝑛]𝑇 ⊂ 𝑅𝑛×𝑐 (𝑐 ≥ 2 is the number of class)
is the binary class label matrix and the 𝑖th row 𝑦𝑖 of 𝑌 is the
class label vector of the 𝑖th sample.

For a three-class classification problem, in CLSR the class
label matrix of four samples may be

𝑌 =
[[[[[
[

1 0 0
1 0 0
0 0 1
0 1 0

]]]]]
]

∈ R
4×3. (2)

𝑌 indicates that the first and second samples are from the first
class, the third sample is from the third class, and the fourth
sample is from the second class. 𝑊 is the transformation
matrixwhich converts the samplematrix𝑋 into the class label
binarymatrix𝑌. ‖∙‖2𝐹 stands for Frobenius normofmatrix. In
the above CLSR for classification, the class label is predefined
and fixed.

2.2. Kernel Trick. The kernel trick is a very powerful tech-
nique in machine learning. It has been successfully applied
to many methods, such as SVM [31, 32], KPCA [33, 34], and
KFDA [35]. By using kernel tricks, a linear algorithm can be
easily generalized to a nonlinear algorithm.

Mercer kernel is generally used in kernel methods. It
is a continuous, symmetric, positive semidefinite kernel
function. Given a Mercer kernel 𝑘 : 𝜒 × 𝜒 → R, there is a
unique associated reproducing kernel Hilbert space (RKHS)𝐻𝑘. Usually, a Mercer kernel can be expressed as

𝑘 (𝑥, 𝑥) = Φ (𝑥)𝑇Φ (𝑥) , (3)

where 𝑇 denotes the transpose of a matrix or vector, 𝑥 and𝑥 are any two points in 𝜒, and Φ is the implicit nonlinear
mapping associated with the kernel function 𝑘(⋅, ⋅). When
implementing kernel methods, we do not need to know whatΦ is and just adopt the kernel function defined as (3). Here
the kernel function is the connection between the learning
algorithm and data. The linear kernels, polynomial kernels,

Gaussian radial basis function (RBF) kernels, and wavelet
kernels [18, 40, 41] are commonly used kernels in kernel
methods. The polynomial kernel has the form of

𝑘 (𝑥, 𝑥) = (𝑥𝑇𝑥 + 𝑐)𝑑 , (4)

where 𝑐 is a constant, 𝑑 is the order of polynomial, and RBF
kernels can be expressed as

𝑘 (𝑥, 𝑥) = exp (−𝛾 𝑥 − 𝑥22) , (5)

where 𝛾 is the parameter for RBF kernels and ‖𝑥 − 𝑥‖2 is the
distance between two vectors.

3. Our Method

3.1. Solving the Optimization Model. Training samples {𝑥1,𝑥2, . . . , 𝑥𝑛} in the input space 𝜒 are represented as a matrix
𝑋 = [𝑥1, . . . , 𝑥𝑛]𝑇 ⊂ 𝑅𝑛×𝑚. Let Φ be the nonlinear mapping
function corresponding to a kernel 𝑘(⋅, ⋅). Firstly, we implicitly
employ Φ to map the data from input space 𝜒 to a high
dimensional kernel feature space 𝑅𝑓. We have

Φ (𝑋) = [Φ (𝑥1) , Φ (𝑥2) , . . . , Φ (𝑥𝑛)]𝑇 ∈ 𝑅𝑓. (6)
Then, for classification, we should transform samples setΦ(𝑋) to a class label matrix. But the class label matrix 𝑌 in

CLSR is a strict binary label matrix which has less freedom
to fit the samples. It is expected that the original strict binary
constraints in 𝑌 can be relaxed into the soft constraint so that
it has more freedom to fit the samples and simultaneously
produce a classifier with well generalization. To this end, the
slack variable matrix 𝑌𝑛 which is different from 𝑌𝑑 in DLSR
is used to substitute for the original class label matrix 𝑌. The
four samples in Section 2.1 are also taken as an example here
and then the slack variable class label matrix 𝑌𝑛 is defined as
follows:

𝑌𝑛 =
[[[[[
[

1 𝜀12 𝜀13
1 𝜀22 𝜀23

𝜀31 𝜀32 1
𝜀41 1 𝜀43

]]]]]
]

,

s.t. 𝜀𝑖𝑗 ≥ 0.

(7)

It can be seen that 𝑌𝑛 can help to properly reduce the class
margins of CLSR to generalize well. Formally, let 𝑀 be a 𝜀
dragging matrix and defined as

𝑀 = [[[[
[

𝜀11 ⋅ ⋅ ⋅ 𝜀1𝑐
... 𝑚𝑖𝑗 ...

𝜀𝑛1 ⋅ ⋅ ⋅ 𝜀𝑛𝑐

]]]]
]
(𝑖 = 1, . . . , 𝑛; 𝑗 = 1, . . . , 𝑐; 𝜀𝑖𝑗 ≥ 0) .

(8)

Meanwhile, let 𝐵𝑛 be the dragging coefficient matrix and
defined as

𝐵𝑛𝑖𝑗 = {{{
0 if𝑌𝑖𝑗 = 1
1 if𝑌𝑖𝑗 = 0; (9)
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then 𝑌𝑛 = 𝑌 + 𝐵𝑛 ⊙ 𝑀, where ⊙ is a Hadamard product
operator of matrices. Relaxing 𝑌 into 𝑌𝑛 has an idea opposite
to that of the 𝜀 dragging technique in DLSR; therefore we call
this relaxation the negative 𝜀 dragging.

By virtue of the kernel feature space 𝑅𝑓, our method tries
to construct a bridge between Φ(𝑋) and 𝑌𝑛. In particular, our
goal is to learn a linear function 𝑊 that makes Φ(𝑋)𝑊 =𝑌𝑛 be approximately satisfied. Thus our method has the
following objective function:

(𝑊∗, 𝑀∗) = argmin
𝑊,𝑀

Φ (𝑋) 𝑊 − (𝑌 + 𝐵𝑛 ⊙ 𝑀)2𝐹
+ 𝜆 ‖𝑊‖2𝐹

s.t. 𝑀 ≥ 0,
(10)

where 𝑊 is the transform matrix and 𝜆 is a positive regular-
ization parameter.

Since 𝑌 is relaxed into 𝑌𝑛, (10) has more freedom than (1)
to fit the samples. Based on the knowledge of Linear Algebra,
we know that

Φ (𝑋) 𝑊 − 𝑌𝑛2𝐹 + 𝜆 ‖𝑊‖2𝐹
= trace ((Φ (𝑋) 𝑊 − 𝑌𝑛) (Φ (𝑋) 𝑊 − 𝑌𝑛)𝑇

+ 𝜆𝑊𝑊𝑇) .
(11)

It is easy to prove that objective function (10) is convex.
Thus it has a unique solution. An iterative updating algorithm
is devised to solve it. The first step of the algorithm is to solve𝑊 by fixing 𝑀.

Theorem 1. Given 𝑀, the optimal 𝑊 in (10) can be calculated
as

𝑊∗ = (Φ (𝑋)𝑇Φ (𝑋) + 𝜆𝐼)−1Φ (𝑋)𝑇 𝑌𝑛. (12)

Proof. According to matrix theory, the optimal 𝑊 can be
obtained by making the derivation of (10) with respect to 𝑊
and set it to zero. That is,

𝜕 (Φ (𝑋) 𝑊 − 𝑌𝑛2𝐹 + 𝜆 ‖𝑊‖2𝐹)
𝜕𝑊

= Φ (𝑋)𝑇Φ (𝑋) 𝑊 − Φ (𝑋)𝑇 𝑌𝑛 + 𝜆𝑊 = 0 ⇒
𝑊∗ = (Φ (𝑋)𝑇Φ (𝑋) + 𝜆𝐼)−1Φ (𝑋)𝑇 𝑌𝑛.

(13)

The second step of our algorithm is to solve 𝑀 by fixing𝑊. Then (10) can be rewritten as argmin𝑀‖Φ(𝑋)𝑊 − (𝑌 +
𝐵𝑛 ⊙ 𝑀)‖2𝐹. 𝑀 can be obtained by solving the following opti-
mization problem:

min
𝑀

𝐺 − 𝐵𝑛 ⊙ 𝑀2𝐹
s.t. 𝑀 ≥ 0,

(14)

where

𝐺 = Φ (𝑋) 𝑊∗ − 𝑌. (15)

Considering the 𝑖th row and 𝑗th column element 𝑀𝑖𝑗 of𝑀, we have

min
𝑀𝑖𝑗

(𝐺𝑖𝑗 − 𝐵𝑛𝑖𝑗𝑀𝑖𝑗)2

s.t. 𝑀𝑖𝑗 ≥ 0.
(16)

According to [25], the formula to calculate 𝑀𝑖𝑗 is
𝑀𝑖𝑗 = max (𝐵𝑛𝑖𝑗𝐺𝑖𝑗, 0) . (17)

Therefore, the optimal solution of 𝑀 is

𝑀 = max (𝐵𝑛 ⊙ 𝐺, 0) . (18)

In a word, the first step of the algorithm is to solve 𝑊 by
fixing 𝑀, and the second step of the algorithm is to solve 𝑀
by fixing 𝑊. In other words, (12) should be calculated in the
first step, and (15) and (18) should be calculated in the second
step. These two steps should be repeatedly calculated till the
termination condition is satisfied.

3.2. Integrating the Kernel Trick into the Optimization Model.
As mentioned above, we should repeatedly calculate (12) and
(18). However, for (12) and (18), Φ(𝑋) exists in kernel feature
space 𝑅𝑓. Fortunately, we do not need to know what Φ(𝑋)
is and just adopt the kernel function (3). How to use the
kernel function to eliminate denotation Φ(𝑋) is presented as
follows.

Let

𝑃 = (Φ (𝑋)𝑇Φ (𝑋) + 𝜆𝐼)−1Φ (𝑋)𝑇 . (19)

By using the following formula [42] on matrix manipula-
tions:

(𝐴−1 + 𝐵𝑇𝑅−1𝐵)−1 𝐵𝑇𝑅−1 = 𝐴𝐵𝑇 (𝐵𝐴𝐵𝑇 + 𝑅)−1 , (20)

we use 𝜆𝐼, Φ(𝑋), and 𝐼 instead of 𝐴−1, 𝐵, and 𝑅, respectively,
having

(𝜆𝐼 + Φ (𝑋)𝑇Φ (𝑋))−1Φ (𝑋)𝑇

= Φ (𝑋)𝑇 (Φ (𝑋) Φ (𝑋)𝑇 + 𝜆𝐼)−1 .
(21)

Then, we substitute it into (12); therefore

𝑊∗ = Φ (𝑋)𝑇 (Φ (𝑋) Φ (𝑋)𝑇 + 𝜆𝐼)−1 𝑌𝑛 ⇒ (22)

𝑊∗ = Φ (𝑋)𝑇 (𝐾 + 𝜆𝐼)−1 𝑌𝑛 = 𝑃𝑌𝑛, (23)

where 𝐾𝑖,𝑗 = Φ(𝑥𝑖)𝑇Φ(𝑥𝑗) = 𝑘(𝑥𝑖, 𝑥𝑗), (𝑖, 𝑗 = 1, 2, . . . , 𝑛).
Actually, Φ(𝑋)𝑇(𝐾 + 𝜆𝐼)−1 in (23) is changeless because

it only depends on 𝑋 and the utilized kernel function, while𝑌𝑛 is changeable during the iteration; hence, for avoiding
to directly calculate Φ(𝑋), in the first step we only need to
calculate

𝑌𝑛 = 𝑌 + 𝐵𝑛 ⊙ 𝑀. (24)
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Input: Training samples matrix 𝑋; Label matrix 𝑌; dragging coefficient matrix 𝐵𝑛; test
sample 𝑡; parameter 𝜆;
Output: the slack variable class label matrix 𝑌𝑛; predicted class 𝑘 for test sample 𝑡;
Initialization: 𝑀 = 0𝑛×𝑐;
Calculate 𝐻 = 𝐾(𝐾 + 𝜆𝐼)−1;
Set threshold ℎ; Set 𝑖𝑡𝑟 = 1.
Repeat

(1) Given 𝑀, calculate 𝑌𝑛 = 𝑌 + 𝐵𝑛 ⊙ 𝑀.
(2) Utilize 𝐺 = 𝐻𝑌𝑛 − 𝑌, then calculate 𝑀 = max(𝐵 ⊙ 𝐺, 0).

Until the absolute value of the difference between objective functions of two consecutive
loops is smaller than threshold ℎ.
(3) For test sample 𝑡, calculate 𝑡𝑦 = 𝑡𝑇𝑊∗.
(4) If 𝑘 = arg𝑗max 𝑡𝑗𝑦, then 𝑡 is classified into the 𝑘th class. 𝑡𝑗𝑦 is the 𝑗th entry of 𝑡𝑦.
Output: the transformation matrix 𝑊∗, 𝑘.

Algorithm 1

The second step of algorithm is to solve 𝑀 by calculating
(15) and (18). By substituting (23) into (15), we have

𝐺 = 𝐾 (𝐾 + 𝜆𝐼)−1 𝑌𝑛 − 𝑌. (25)

Hence, in the second step we need to calculate (25) and
(18).

Then the predicted label for a test sample 𝑥 is

𝑌 (𝑥) = Φ (𝑥)𝑇𝑊. (26)

Intuitively,𝑊 should be calculated by iteration and then it
is utilized to calculate the predicted label 𝑌(𝑥) for test sample𝑥. However, by substituting (23) into (26), we have

𝑌 (𝑥) = Φ (𝑥)𝑇Φ (𝑋)𝑇 (𝐾 + 𝜆𝐼)−1 𝑌𝑛
= 𝜅 (𝑥) (𝐾 + 𝜆𝐼)−1 𝑌𝑛,

(27)

where 𝜅(𝑥) = [𝑘(𝑥, 𝑥1), 𝑘(𝑥, 𝑥2), . . . , 𝑘(𝑥, 𝑥𝑛)].
Because Φ(𝑋)𝑇(𝐾 + 𝜆𝐼)−1 depends on 𝑋 and the utilized

kernel function, we only need to calculate 𝑌𝑛 out by the
iteration, and after the iteration is performed, the predicted
label for a test sample 𝑥 can be obtained by (27). As presented
above, directly calculating Φ(𝑋) can be avoided by utilizing
the kernel function.

In summary, we do not need to know what Φ is and just
adopt the kernel function during the iteration. The complete
algorithm is summarized in Algorithm 1.

4. Analysis of Our Method

In our method, the negative 𝜀 dragging technique and
kernel trick are simultaneously integrated into the LR model
to obtain more robust classification result for noised and
deformable data. We analyze our method from two aspects.

Firstly, we present the classmargins of ourmethod,DLSR,
and CLSR for classification. For simplicity of description, the

four samples in Section 2.1 are also taken as an example here.
For our method, it is clear that

𝑌𝑛 =
[[[[[
[

1 𝜀12 𝜀13
1 𝜀22 𝜀23

𝜀31 𝜀32 1
𝜀41 1 𝜀43

]]]]]
]

. (28)

For DLSR,

𝑌𝑑 =
[[[[[
[

1 + 𝜀11 −𝜀12 −𝜀13
1 + 𝜀21 −𝜀22 −𝜀23

−𝜀31 −𝜀32 1 + 𝜀33
−𝜀41 1 + 𝜀42 −𝜀43

]]]]]
]

. (29)

Suppose that 𝑌𝑛 and 𝑌𝑑 have the same 𝜀 components. For the
first and third samples (they, respectively, belong to the first
and third classes), the distance between their class labels can
be denoted by

𝑑𝑛 = √(1 − 𝜀31)2 + (𝜀12 − 𝜀32)2 + (𝜀13 − 1)2. (30)

For DLSR, the distance between the class labels of the first
and third samples can be denoted by

𝑑𝑑
= √(1 + 𝜀11 + 𝜀31)2 + (𝜀12 − 𝜀32)2 + (𝜀13 + 𝜀33 + 1)2.

(31)

For CLSR, the distance between their class labels can be
denoted by 𝑑 = √2.

We see that if 𝑌𝑛 and 𝑌𝑑 have same 𝜀 components, DLSR
has the largest class margin whereas our method usually has
the smallest class margin. In other words, we usually have𝑑𝑑 ≥ 𝑑 ≥ 𝑑𝑛. Actually, because 𝜀𝑖𝑗 ≥ 0, it is absolutely certain
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that𝑑𝑑 ≥ 𝑑. As for𝑑 ≥ 𝑑𝑛, it can be demonstrated below. First,
𝑑𝑛 = √1 − 2𝜀31 + 𝜀231 + 𝜀212 − 2𝜀12𝜀32 + 𝜀232 + 1 − 2𝜀13 + 𝜀213.
Because 𝜀𝑖𝑗 ≪ 1 is usually satisfied, we can ignore the second-
order terms and have 𝑑𝑛 ≈ √1 − 2𝜀31 + 1 − 2𝜀13 ≤ √2.
As a result, in the scenario of noised and deformable data,
our method can effectively decrease the probability that
the classifier learned from training samples too fits training
samples and cannot be well applicable for test samples. In
other words, our method can make the obtained classifier
generalize well and is very suitable for the classification of
noised and deformable data.

Secondly, we present effects of the kernel trick integrated
into our method. In some real-world applications, samples
from different classes are mixed up and are not linearly
separable, because the difference between training samples
from the same class may be much more than the difference
between training samples from different classes. For instance,
in the face recognition problem, the face images from the
same personmay bemore different than the face images from
distinct persons owing to variable expressions, poses, and
illuminations.This is known as the problem of uncertain data
[42, 43]. Under this situation, bothCLSR andDLSR could not
attain a good classification performance.The kernel approach
can change the distribution of samples by the nonlinear map-
ping. If an appropriate kernel function is utilized, the kernel
approach can make linearly nonseparable samples become
linearly separable. The term linearly separable means that
samples of different classes have good separability. Exactly, it
is referred to as a linear boundary such as a line or plane that
can separate samples from different classes without errors.

Here, kernel mapping is integrated into our approach so
that, in the high dimensional kernel feature space, it is easy
to learn a mapping that can well convert training samples
into their class labels. Namely, the linear transformation
matrix obtained in the high dimensional feature space can
more appropriately map training samples into their class
labels. Therefore, our kernel based approach can perform
classification well.

If the two class samples are not linearly separable, CLSR
andDLSR could not attain a good classification performance.
KNDLR firstly makes a nonlinear mapping of the data to
enhance the linear separability of samples; hence KNDLR
is able to obtain higher classification accuracy than CLSR
and DLSR. Moreover, our KNDLR just utilizes the kernel
function to calculate transform matrix 𝑊 and class label for
test samples instead of directly calculating Φ(𝑋).

In addition, the overall complexity of KNDLR is low,
although it is solved iteratively. In each iteration, the main
computation cost is in (25), where we need to calculate
the matrix inverse (𝐾 + 𝜆𝐼)−1. Since 𝐾(𝐾 + 𝜆𝐼)−1 is only
dependent on 𝑋 and the utilized kernel function, it can
be precalculated before the loop is carried out. Thus the
speed of calculating 𝐺 in (25) is very fast. Moreover, it is
obvious that 𝐾 is an 𝑛 × 𝑛 matrix (𝑛 is the number of
training samples), while (𝑋𝑇𝑋 + 𝜆𝐼)−1 calculated in CLSR
or DLSR is an 𝑚 × 𝑚 matrix (𝑚 is the number of features).
Thus, when the number of samples is much less than the
dimension of features, the size of 𝐾 is small. Hence it is easy

to calculate the matrix inverse (𝐾 + 𝜆𝐼)−1. If the features
are very high dimensional, calculation of the matrix inverse
(𝑋𝑇𝑋 + 𝜆𝐼)−1 will be quite time-consuming and memory-
consuming. In particular, although our KNDLR approach is
similar to CLSR and DLSR in some aspects, it is much more
efficient than them when classifying high dimensional data.
However, when the number of samples is not much smaller
than that of features and dimension of features is high, size of
𝐾 is large. Hence calculating the matrix inverse (𝐾 + 𝜆𝐼)−1 is
complex as solving the inverse matrix (𝑋𝑇𝑋 + 𝜆𝐼)−1 and the
efficient of our KNDLR is almost the same as that of CLSR
and DLSR.

5. Experiments

In our experiments, KNDLR was compared with CLSR,
DLSR, NDLR (the KNDLR without kernel trick), kernel sup-
port vector machine (𝐾-SVM) in [31], 𝑘 nearest neigh-
bor method (KNN), the nonnegative least squares method
(NNLS) proposed in [3], sparse representation based classifi-
cation (SRC (l1 ls)), and linear regression based classifica-
tion (LRC).We use five face image databases and a handwrit-
ing digit dataset, namely, Georgia Tech (GT), FERET, LFW,
AR, YaleB, and MNIST dataset. The subsets of the last two
datasets, which are available at “http://www.cad.zju.edu.cn/
home/dengcai/Data/data.html,” were used to perform our
experiments. All methods were directly performed on image,
with no extracting feature from image in advance. Our
method, CLSR, DLSR, and NDLR all have a parameter 𝜆.
The parameter was set to 0.0001, 0.0005, 0.01, 0.02, 0.03,
0.04, 0.05, 0.06, 0.07, 0.08, 0.09, 0.1, 0.2, 0.3, 0.4, and 0.5,
respectively. The best accuracy of each method is given for
comparison. Threshold ℎ is set to 0.0001. For KNDLR, we
used polynomial kernel 𝑘(𝑥, 𝑥) = (𝑥𝑇𝑥 + 𝑐)𝑑 on LFW,
AR, YaleB, and MNIST and Gaussian radial basis function
(RBF) kernel 𝑘(𝑥, 𝑥) = exp(−𝛾‖𝑥 − 𝑥‖22) on GT and FERET,
respectively. The parameters of polynomial kernels 𝑐 and 𝑑
were set to 1 and 2, respectively. The parameter of RBF kernel
𝛾 was set to the median value of 1/(‖𝑥𝑖 − 𝑥‖2), 𝑖 = 1, . . . , 𝑛,
where 𝑥 is the mean of all training samples. For 𝐾-SVM,
package libsvm-mat-3.0-1 is used. The libsvm options of the
function “svmtrain” were set to [“−𝑠 0 −𝑡 2 −𝑔 1.0𝑒 − 1”],
where “−𝑡 2” indicates Gaussian radial basis function (RBF)
kernel. The value of hyperparameter 𝐶 was selected from
the candidate set {0.01, 0.1, 1.0, 10.0, 100.0, 1000.0} by cross-
validation approach. For KNN, 𝑘 was set to 1, and Euclidean
distance metric was used to find the nearest neighbor.

5.1. Experiment on the GT Database. The Georgia Tech (GT)
face database contains 750 images from 50 subjects. For each
subject 15 face images are available.The pictures show frontal
and/or tilted faces with different facial expressions, lighting
conditions, and scales. Figure 1 presents some face images
from the GT face database. In our experiments, all images in
the database were manually cropped and resized to 30 × 40.
After the image cropping, most of the complex background
has been excluded. They are further converted to gray level
images for both training and testing purposes.

http://www.cad.zju.edu.cn/home/dengcai/Data/data.html
http://www.cad.zju.edu.cn/home/dengcai/Data/data.html


Complexity 7

Figure 1: Some face images from the GT face database.

Table 1: Accuracies (%) of different methods on the GT database.

Number of training
samples per class 5 6 7 8 9 10

Our method 70.80 73.53 76.05 80.26 81.33 82.36
DLSR 50.48 50.93 52.80 53.77 53.77 54.56
CLSR 63.58 65.33 67.30 70.57 71.00 71.40
NNLS 68.90 71.02 73.88 76.83 78.27 79.68
𝐾-SVM 70.42 72.20 74.93 79.46 80.17 81.92
KNN 59.30 61.76 63.85 67.49 69.23 69.40
SRC 56.18 58.44 60.13 63.09 63.57 64.36
LRC 68.90 71.22 73.78 77.71 79.20 80.68
NDLR 65.66 66.76 69.38 73.60 73.57 74.56

In our experiments, we randomly took 𝑛 (= 5, 6, 7, 8,9, 10) face images of each subject as original training samples,
respectively, and treated the remaining face images as testing
samples. For each given 𝑛, we take the average value of
classification rates calculated from 10 random splits as final
classification rate. The experimental results are presented in
Table 1. From this table, we can conclude that the proposed
method obtains the best classification accuracy.

5.2. Experiment on the FERET Face Dataset. A subset of the
FERET face dataset was used in the experiment. This subset
includes 1442 face images from 206 subjects and each subject
has seven different face images. This subset was composed of
the images in the original FERET face dataset whose names
are marked with two-character strings: “ba,” “bj,” “bk,” “be,”
“bf,” “bd,” and “bg”. Figure 2 shows some image examples.
We resized all face images to 40 by 40 matrices.

In our experiments, 𝑛 (= 1, 2, 3, 4, 5) samples of each
subject were randomly taken as training samples and the
remaining samples were treated as test samples. For each
given 𝑛, we take the average value of classification rates
calculated from 10 random splits as final classification rate.
Experimental results of classification accuracies are shown
in Table 2. Table 2 demonstrates that our method performs
better than the other methods.

Table 2: Accuracies (%) of different methods on the FERET
database.

Number of training
samples per class 1 2 3 4 5

Our method 35.52 55.84 66.29 79.03 78.18
DLSR 19.45 31.18 36.99 45.95 44.15
CLSR 28.03 46.38 55.18 65.03 65.07
NNLS 34.26 53.48 64.38 75.84 76.33
𝐾-SVM 32.01 54.73 64.43 75.89 73.96
KNN 32.01 44.87 54.44 68.14 65.70
SRC 23.54 41.48 53.12 68.51 70.46
LRC 32.01 55.34 65.89 77.12 74.76
NDLR 33.77 54.28 63.50 72.64 72.60

5.3. Experiment on the LFW Face Dataset. The LFW dataset
is a face image dataset for unconstrained face recognition.
Images in this dataset vary much in clothing, pose, and
backgroundmore than the other face datasets.There aremore
than 13000 faces images collected from the web. Every face
image is manually labeled. We use only a subset composed
of 1251 images from 86 subjects to conduct experiments.
Figure 3 shows some example face images. Each image is
cropped and resized to 32 × 32 image.

A random subset with 𝑛 (= 6, 7, 8, 9, 10) images per
individual was taken with labels to form the training set, and
the rest of the database was considered to be the testing set.
For each given 𝑛, there are 10 random splits.The average value
of classification rates calculated from 10 random splits was
taken as final classification rate. The classification accuracies
were shown in Table 3. It is clear that our method performs
better than the rest of methods.

5.4. Experiment on the AR Face Dataset. The AR dataset
contains over 4000 face images of 126 subjects, including
frontal views of faceswith different facial expressions, lighting
conditions, and occlusion. We use only a subset composed
of 3120 images from 120 subjects and each subject has 26
different face images. Figure 4 shows some example face
images. Each image is cropped and resized to 40 × 50 image.
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Figure 2: Some face images from the FERET face database.

Figure 3: Some face images from the LFW face database.

A random subset with 𝑛 (= 1, 2, 3, 4, 5) images per
individual was taken with labels to form the training set, and
the rest of the database was considered to be the testing set.
For each given 𝑛, there are 10 random splits. The average
classification rate calculated from 10 random splits was taken
as final classification rate. The classification accuracies were
shown in Table 4. It is clear that our method performs better
than the rest of methods.

5.5. Experiment on the YaleB Face Dataset. For this database,
we simply use the cropped images and resize them to 32 × 32
pixels to conduct experiments. Figure 5 shows some example
face images.

A random subset with 𝑛 (= 5, 6, 7, 8) images per indi-
vidual was taken with labels to form the training set, and
the rest of the database was considered to be the testing set.
For each given 𝑛, there are 10 random splits. The average
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Figure 4: Some face images from the AR face database.

Figure 5: Some face images from the YaleB face database.

Table 3: Accuracies (%) of different methods on the LFW database.

Number of training
samples per class 6 7 8 9 10

Our method 35.95 38.00 39.13 40.27 41.10
DLSR 14.46 14.92 14.58 15.43 14.68
CLSR 34.45 35.93 35.15 36.65 35.27
NNLS 33.86 36.58 36.04 36.69 37.31
𝐾-SVM 32.88 34.76 35.70 36.52 38.59
KNN 20.34 21.28 21.12 21.26 21.53
SRC 34.15 36.70 38.06 39.31 39.00
LRC 32.12 35.16 34.78 36.50 40.05
NDLR 35.22 37.49 38.40 39.29 40.69

classification rate calculated from 10 random splits was taken
as final classification rate. The classification accuracies were
shown in Table 5. It is clear that our method performs better
than the rest of methods, except for SRC. However, SRC is
time-consuming, which is shown in Section 5.7.

5.6. Experiment on theMNISTDataset. TheMNISTdatabase
of handwritten digits from Yann LeCun’s page has a training
set of 60,000 examples and a test set of 10,000 examples. We
use only a subset composed of the first 2k training images
and first 2k test images to conduct experiments. The size of
each image is 28 × 28 pixels, with 256 gray levels per pixel.

Table 4: Accuracies (%) of different methods on the AR database.

Number of training
samples per class 1 2 3 4 5

Our method 64.69 75.87 83.74 90.46 95.12
DLSR 56.83 70.01 78.34 85.89 91.37
CLSR 59.73 74.00 82.55 89.05 93.89
NNLS 59.93 67.08 78.03 85.09 92.90
𝐾-SVM 58.95 66.39 74.56 83.64 91.69
KNN 58.95 61.45 68.88 75.37 84.03
SRC 61.81 74.36 82.72 89.95 94.35
LRC 58.95 65.42 73.94 82.06 91.15
NDLR 64.00 74.87 83.38 90.02 94.63

Thus, each image is represented by a 784-dimensional vector.
Figure 6 shows some example images. Experimental results of
classification accuracies are shown in Table 6. From this table,
we can conclude that the proposed method obtains the best
classification accuracy.

5.7. Computing Time. Aforementioned experiments were
performed on an Intel machine (Core (TM) i5-6600CPU,
3.30GHz, 8GB RAM, with 64-bit Win 10 Chinese operating
system). All methods, except for the SVM methods, were
implemented by software MATLAB 2010a. The libSVM3.0
toolbox in the language C was utilized for performing SVM.



10 Complexity

Figure 6: Some images from the MNIST database.

Table 5: Accuracies (%) of different methods on the YaleB database.

Number of training
samples per class 5 6 7 8

Our method 80.48 81.67 82.28 84.55
DLSR 76.05 78.48 79.33 77.54
CLSR 76.83 78.87 80.11 77.85
NNLS 68.98 73.39 73.38 75.14
𝐾-SVM 74.45 76.53 75.58 76.93
KNN 57.56 60.42 60.14 60.92
SRC 82.53 84.54 85.22 85.29
LRC 79.14 81.01 80.87 84.36
NDLR 77.02 79.40 80.25 78.73

Besides classification accuracies, because the computing time
is significantly different for each method, we select the
experiment on GT and AR to show the computing time of
each method.The GT database only contains a small number
of samples, while the AR database contains a relatively large
number of samples, which represent two different cases.Here,
the computing time of each method is the sum of time spent
on learning from samples and time spent on classification of
new samples when training samples and test samples have
been given. We use MATLAB instruction tic and toc to get
the time. Table 7 shows the computing time of the methods
on GT and Table 8 shows that on AR.

First, it can be clearly seen that our KNDLR approaches
are very fast as DLSR, CLSR, NDLR, SVM, and KNN on GT
having a small number of samples and AR having relatively
large number of samples. Second, KNDLR is much faster
than NNLS and SRC, especially on AR. Third, it is shown
that the computing time of KNDLR on AR is only a little
longer than that on GT, while the computing time of some
methods on AR, such as NNLS and SRC, is far longer than
that on GT. In particular, SRC becomes very time-consuming
when the number of samples is large. One of the reasons
for the efficiency of our methods is that, in our approach,
the procedure of learning is executed only once, then the
results are saved for classifying all new samples. SRC needs

to learn a linear combination of all training samples for every
new sample; thus when the number of samples is large, SRC
becomes extremely time-consuming. This demonstrates that
our KNDLR is efficient.

5.8. Parameter 𝜆 and Convergence. In order to further illus-
trate the properties of KNDLR, the classification accuracies
corresponding to different values of 𝜆 and convergence are
shown in Figures 7 and 8, respectively, where (#𝑛) represents
that the first 𝑛 samples were utilized for training and the
remaining for testing. KNDLR, DLSR, and CLSR are similar
to each other to some degree. All of them apply the least
squares regression and have a regularization parameter 𝜆.
In Figure 7, it is shown that KNDLR is relatively more
robust to 𝜆 than DLSR and CLSR. Especially, for GT, FERET,
AR, and MNIST, the classification accuracies obtained by
utilizing KNDLR vary in a small range. It is also observed
that a relative large value of 𝜆 cannot bring more preferable
classification accuracy and 𝜆 could be limited to [10−4, 0.5].
In real application, the cross-validation method is utilized
to determine the optimal value of 𝜆 from this range. More
importantly, in Figure 8, it is shown that KNDLR converges
very fast on six datasets, especially on FERET database.

6. Conclusions

This paper proposed a kernel negative 𝜀 dragging linear
regression method for pattern classification, which simulta-
neously integrated the negative 𝜀 dragging technique and the
kernel method into linear regression for robust pattern classi-
fication under the condition that the consistency and compat-
ibility between the test samples and training samples are poor.
The negative 𝜀 dragging technique learns a classifier with a
propermargin from noised and deformable data.Meanwhile,
the kernel approach can make linearly nonseparable samples
become linearly separable. Based on effect of the negative𝜀 dragging technique and kernel collaboration, our method
can better perform classification for noised and deformable
data. Comprehensive experiments on six different datasets
demonstrate that proposed KNDLR outperforms existing LR
method for classification and some other commonly used
methods such as SVM, NNLS, SRC, and LRC, and our
KNDLR is efficient.
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Figure 7: The classification accuracies (%) versus value 𝜆 on the six datasets.
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Table 6: Accuracies (%) of different methods on the MNIST database.

Alg. Our method DLSR CLSR NNLS 𝐾-SVM KNN SRC LRC NDLR
Accur. 91.5 58.60 77.70 90.25 86.25 88.90 84.50 82.70 79.00
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Figure 8: Convergence curves of KNDLR on the six datasets.
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Table 7: Computing time (s) of different methods on the GT
database.

Number of training
samples per class 5 6 7 8 9 10

Our method 1.94 2.41 2.72 3.24 3.69 4.21
DLSR 3.67 4.01 4.06 4.24 4.46 4.65
CLSR 1.80 2.01 1.80 1.85 1.84 1.88
NNLS 7.56 10.71 13.54 16.46 18.99 22.08
SVM 0.41 0.50 0.60 0.70 0.80 0.90
KNN 0.75 0.80 0.85 0.85 0.88 0.80
SRC 63.94 77.34 94.32 103.43 115.84 124.28
LRC 3.63 3.44 3.58 3.44 3.52 3.35
NDLR 3.72 3.90 4.06 4.25 4.39 4.60

Table 8: Computing time (s) of different methods on the AR
database.

Number of training
samples per class 1 2 3 4 5

Our method 2.88 5.76 8.62 12.10 14.74
DLSR 18.28 19.69 21.17 22.76 24.20
CLSR 10.30 10.46 10.62 10.73 10.84
NNLS 14.70 50.14 120.81 251.74 447.02
SVM 1.41 2.55 3.67 4.88 6.04
KNN 3.16 6.24 10.18 23.05 23.99
SRC 231.48 803.65 1564.73 2375.6 3616.28
LRC 21.83 32.54 41.38 48.06 62.64
NDLR 18.25 19.81 21.16 22.73 24.19
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Social influence analysis is important for many social network applications, including recommendation and cybersecurity analysis.
We observe that the influence of community including multiple users outweighs the individual influence. Existing models focus
on the individual influence analysis, but few studies estimate the community influence that is ubiquitous in online social network.
A major challenge lies in that researchers need to take into account many factors, such as user influence, social trust, and user
relationship, to model community-level influence. In this paper, aiming to assess the community-level influence effectively and
accurately, we formulate the problem ofmodeling community influence and construct a community-level influence analysis model.
It first eliminates the zombie fans and then calculates the user influence. Next, it calculates the user final influence by combining the
user influence and thewillingness of diffusing theme information. Finally, it evaluates the community influence by comprehensively
studying the user final influence, social trust, and relationship tightness between intrausers of communities. To handle real-world
applications, we propose a community-level influence analysis algorithm called CIAA. Empirical studies on a real-world dataset
from Sina Weibo demonstrate the superiority of the proposed model.

1. Introduction

Community-level influence analysis is an emerging problem,
which can be used in many filed, for example, recommenda-
tion system [1, 2], public opinion prediction [3], and cyber-
security analysis [4]. There are many researchers who are
interested in analyzing the social influence in social networks
[5], but rarely assessing the influence in community level.
With the rapid spread of online social networks, such as
Twitter, Facebook, and Sina Weibo, large amounts of data
with the real world are produced, which provide support for
the social influence analysis.

How to establish an effective model for analyzing com-
munity-level influence has become an important research for
online social network. Community-level influence is greater
than individual-level influence, but few researchers have
studied community influence. The existing studies establish
various social influence analysis models [6, 7], but they
just study the influence in the individual level and mostly
ignore the existence of a common influence pattern from a

community that includes multiple nodes. A large number
of achievements have been obtained on individual-level
influence, but most of the studies are based on static statistics
method [8–11], link analysis algorithms [12–14], or probabilis-
tic models [15–17].These studies do not consider whether the
user is willing to receive or diffuse information or what the
role of social trust between users is or do not remove zombie
fans. However, these factors are very important for analyzing
the social influence. Meanwhile, the existing works about
community-level influence focus on the influence strength
between communities and ignore the problem of analyzing
the community-level influence. For example, Belák et al. [18]
calculated the community-level influence by only averaging
influence of all users in a community.

An important observation is that zombie fans have no
contribution to the social influence, and the willingness of
users to diffuse information has a certain effect on the accu-
racy of calculating social influence, and social trust plays an
important role in social influence. The trust degree of user A
to user B determines the influence of user B on user A. The
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more the user A trusts user B, the more influence the user B
has on the user A. Because user influence is the basis of the
community influence, a little carelessness on the former will
lead to errors on the later.

Aiming to assess the community-level influence effec-
tively and accurately, we construct a community-level influ-
ence analysis model that can assess community influence.
Based on our model, a community-level influence analysis
algorithm (short for CIAA) is proposed, which can assess
the community influencemore effectively and accurately.The
main idea of our model is as follows. First, we eliminate
the interference of zombie fans on the social influence to
make the results more accurate. Then, in the process of
calculating user influence, we consider the social trust and
use the random walk method to calculate the user influence.
In evaluating the user’s theme information, the user mean
willingness is calculated by exploring the content related to
the user’s theme information. We combine these two factors
(the user influence and the user willingness to diffuse theme
information) to calculate the user final influence. Finally, the
community-level influence is calculated by comprehensively
studying the user final influence, the social trust, and rela-
tionship tightness between intrausers of communities. Exper-
iments are conducted on a real-world dataset crawled from
Sina Weibo. Comparing with the state-of-the-art algorithm
(the averaging user influence algorithm [18]), the results show
that our model is more effective and accurate to evaluate the
community-level influence.

The contributions of this paper can be summarized as
follows. (1) We formulate the problem of analyzing the
community-level influence and design a community-level
influence analysis model. (2)CIAA, a community-level influ-
ence analysis algorithm based on our model, is proposed,
which is effective and reliable to evaluate the community
influence of microbloggers from SinaWeibo. (3)We conduct
extensive experiments to assess the performance of the pro-
posed model. Experimental results on the real-world dataset
demonstrate the superiority of the proposed CIAA.

The rest of the paper is organized as follows. In Section 2,
we summarize the related works. In Section 3, we propose
the community-level influence analysis model and give an
example to illustrate its working principle, and the CIAA is
proposed. In Section 4, we conduct experiments on the real-
world dataset crawled from Sina Weibo and then analyze the
performance of the proposed approach. Finally, we state the
conclusion and future work in Section 5.

2. Related Works

Since Katz and Lazarsfeld [19] found that social influence
plays an important role in social life and decision-making in
the 1950s, researchers in computer field have spare no effort
to study the relevant problems. It is found that the popular
users play an important role in adopting innovation, social
public opinion propagation and guidance, group behavior
formation and development [5], and so on.

There are a great deal of research efforts to measure
individual-level influence [20, 21], typically, the “opinion
leaders.” Existing methods can be categorized into three

types: the network structure based methods, the user behav-
ior based methods, and the mutual information based meth-
ods.Thenetwork structure basedmethods are degree central-
ity [22], closeness centrality [23], betweenness centrality [24],
eigenvector centrality [25], Katz centrality [26], PageRank
[27], and clustering coefficient [28]. We know that node
degree essentially means the connection between a node and
its neighbors. The method based on node degree can intu-
itively express this meaning, and its computational cost is
smaller than other methods [29]. These methods are widely
used in measuring the users’ influence in the social network.
However, the methods based on node degree only reflect the
connection between the users and their neighbors and cannot
measure the users’ influence in the entire social network for
the local influence of users. For example, based on the com-
munity scale-sensitive maxdegree, Hao et al. [30] proposed
an influential users discovering approach called CSSM when
placing advertisements. CSSM uses the degree centrality
and neighbor’s degree to evaluate node’s (microbloggers)
influence. However, the algorithm does not consider the
contribution of microblogs to user influence. Comparing
with the methods based on the degree, the method based
on the shortest path (closeness centrality and betweenness
centrality) can measure the individual-level influence in
the entire social network. Nevertheless, its computational
complexity is higher than the degree centrality method. For
example, based on text mining and social network analysis,
Bodendorf and Kaiser [31] proposed an approach to detect
opinion leaders in directed graph of user communication
relationship. It can predict tendency of network opinion
leaders via closeness centrality and betweenness centrality.
Moreover, measuring the individual-level influence by the
shortest path is an ideal status, and it is difficult to achieve
in the real-world application scenarios. Besides, the methods
based on randomwalk only consider the structure character-
istics of the node while ignoring the behavior characteristics.
For example, Xiang et al. [32] provided an understanding
of PageRank and authority from an influence propagation
perspective by performing random walks. However, they
did not consider the personal attributes to understanding
of PageRank as well as the relationship between PageRank
and social influence analysis. Zhu et al. [33] proposed a
novel information diffusionmodel calledCTMC-ICM,which
introduces the continuous-time Markov Chain theory into
the Independent Cascade Model. Based on the model, they
proposed a new ranking metric called SpreadRank. Based on
continuous-time Markov process, Li et al. [34] proposed a
dynamic information propagation model called IDM-CTMP
to predict the influence dynamics of social network users.
IDM-CTMP defined two other dynamic influence metrics
and could predict the spreading coverage of a user within
a given time period. Zhou et al. [35] established new upper
bounds to significantly reduce the number of Monte-Carlo
simulations in greedy-based algorithms, especially at the
initial step. Based on the bound, they proposed a new upper
bound based lazy forward algorithm for discovering the top-𝑘
influential nodes in social networks.

The aforementioned models focus only on assessing
the social influence of single individuals. However, a small
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number of works attempt to build models on the community
influence analysis. Qi et al. [36] applied degree centrality,
closeness centrality, and betweenness centrality to groups and
classes as well as individuals. Latora and Marchiori [37] put
forward a group information centrality tomeasure the impor-
tance of node sets.Mehmood et al. [38] exploited information
diffusion records to calculate the influence strength between
different communities. Although these works preliminarily
study the community-level influence, none of them focuses
on how to measure a community’s influence. Belák et al.
[18] assessed the community-level influence according to the
average of the all users’ influence in the same community.
Because the distribution of the users’ influence is uneven in
different communities, average based method is inequitable
to bigger communities, while summation based method is
inequitable to smaller ones. At present, community-level
influence analysis is still a challenging problem.

3. Proposed Methodology

We construct our model and implement the corresponding
algorithm in this section. First, we give the related definitions
in Section 3.1. Then, we propose the community-level influ-
ence analysis model for microbloggers. Next, we describe the
working principle of ourmodel via an example in Section 3.2.
Finally, the community-level influence analysis algorithm is
proposed in Section 3.3.

3.1. Related Definitions and Community-Level Influence
Analysis Model

3.1.1. Related Definitions. Social networks and communities
are described as follows: a typical social network can be
represented as a bipartite graph𝐺 = {𝑉, 𝐸},𝑉 is a set of nodes
(users) in a social network, and 𝐸 is a set of edges used to
describe the relationships between nodes. A community can
be represented as a subgraph of a social network: that is, 𝐶 =
{𝐶𝑉, 𝐶𝐸}; 𝐶𝑉 ⊆ 𝑉 is a set of users in a community. 𝐶𝐸 ⊆ 𝐸
is a set of relationships between users within a community.
A node is defined as a user within the community if he/she
belongs to the community; otherwise, he/she is defined as
a user outside the community. The set of users outside the
community is written as UOC. Modeling and calculating the
community influence of 𝐶𝑖 are the basis of our work, and the
objective function of our model is as follows:

CI (𝐶𝑖) = 𝑓 (𝐺, 𝐶𝑖) . (1)

CI(𝐶𝑖) denotes the community influence of the commu-
nity 𝐶𝑖, and the function 𝑓(𝐺, 𝐶𝑖) indicates that the assess-
ment method is based on 𝐺 and 𝐶𝑖. There are two entities
(i.e., users and communities) which can produce influence.
To study the community-level influence, we give the related
definitions as follows.

Definition 1.

Trust. A node in a social network has a certain trust degree
in other nodes according to its past contact with other nodes
or the reputation of other nodes [39, 40]. According to the

different sources of trust, we divide the trust into direct trust
and indirect trust.

(1) Direct Trust (DT). Assume that the node V is the entry node
of the node 𝑢, indicating that there is contact between 𝑢 and
V. According to the previous contacts and the reputation of 𝑢,
V will have direct trust on 𝑢.

(2) Indirect Trust (IT). Assume that the node 𝑢 is the reachable
node of the node V; Vwill have indirect trust on 𝑢 because the
reputation of 𝑢 can be transmitted to V.

Users not only have mutual trust, but also mutually influ-
ence each other. According to the different sources of influ-
ence, this paper divides the influence into direct influence and
indirect influence.

Definition 2.

(1) Direct Influence (𝐷𝐼). Assume that the node V is the entry
node of the node 𝑢; 𝑢 will have an influence on V: that is, 𝑢
produces direct influence on V.

(2) Indirect Influence (II). Assume that the node 𝑢 is a
reachable node of the node V; 𝑢 will have an influence on
V through transmission layer by layer: that is, 𝑢 produces
indirect influence on V.

In order to assess the overall influence of 𝑢 on V, we define
the user combined influence.

Definition 3.

User Combined Influence (UCI). Because V has direct trust
or indirect trust to 𝑢, and 𝑢 has direct influence or indirect
influence on V, we comprehensively combine the four factors
to calculate the combined influence of 𝑢 on V.

Definition 4.

(1) User Influence (UI). User influence refers to the influence
of individual on other users.

(2) Community Influence (CI). Community influence is the
overall influence of the community, which is formed by the
UI of all the users in the community and the community’s
self-factors.

Definition 5.

Mean Willingness to Diffuse Theme Information (𝑀𝑊). In
communities, some users receiving the theme information
may not diffuse it, some users prefer to post their own blog,
and some users prefer to forward others’ blog. We assess
the community influence by taking into account the diffu-
sion of information between users. MW represents a user’
willingness to diffuse the information of a blog. The theme
information of the user 𝑢 is stored in the set 𝑇(𝑢) =
{𝑡𝑢1, 𝑡𝑢2, . . . , 𝑡𝑢𝑗, . . .}, where 𝑡𝑢𝑗 represents the user’s 𝑗th theme
information. If 𝑡𝑢𝑗 is diffused in a social network, a path
map 𝑔𝑢𝑗 is formed to describe the propagation path. We
store the path graphs formed by 𝑇(𝑢) in the set 𝑔(𝑢) =
{𝑔𝑢1, 𝑔𝑢2, . . . , 𝑔𝑢𝑗, . . .}.
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Figure 2: The working steps of the community-level influence analysis model.

3.1.2. Model Framework. Our model consists of four mod-
ules: data preprocessing module, data source module, the
user final influence module, and the community influence
module. Figure 1 shows our model framework.

Data preprocessing module is used to eliminate zombie
fans. We judge the zombie fans from the behavior dimension
and time dimension. Behavior dimension is based on the
amount of theme information posted by the user and the
fans’ influence of the user. Time dimension is based on the
user login frequency and the frequency of diffusing theme
information. Finally, the data preprocessing results are stored
to the data source.

Data source module is responsible for providing the rele-
vant data needed for influence analysis. We establish the user
information table, the microblog table, the user fans infor-
mation table, and the user attention table to access the user’s
relevant information efficiently.

The user final influence module first calculates the mean
willingness to diffuse theme information for each user in a
community and then calculates the user’s influence. Next, it
combines these two results to get the user final influence.

The community influence module first calculates the
community size, the tightness of user relationship, and the
user-integrated influence in the community and then evalu-
ates the community influence by integrating the three factors.

3.2. Working Principle. In this subsection, we introduce the
working principle of eachmodule in themodel framework in

detail. We assume that 𝑢 and V are two users in community
𝐶. After performing data preprocessing, Figure 2 shows the
working principle, where the mathematical notations will be
described in the following subsections in detail.

The working principle can be described as the following
steps.

Step 1. Calculate the DiffuV and 𝑆V of V. Then calculate the
MW(V) of V. Finally, calculate UI(V) of V.

Step 2. According to Step 1, calculate the MW(V) and UI(V)
of 𝑢.

Step 3. Integrate MW and UI to calculate the UII(𝐶). Then
calculate CS and RT(𝐶). Finally, combine the three factors to
calculate the community influence.

3.2.1. Data Preprocessing. In microblogging networks, some
users of ulterior motives or business purpose lead to produc-
ing the zombie fans. According to the definition in [41], zom-
bie fans are the users who are fake fans generated and main-
tained mostly for economic purpose. Zombie fans certainly
interfere in analyzing the social influence. A small number
of empirical researches have been conducted on recognizing
zombie fans [41–43].The existing studies were mostly subject
to the Twitter platform.

Presently, researchers generally detect the zombie
fans based on the amount of attention, the number of fans,
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(1) Input: 𝑉, 𝐸, LF, DAF, NUI, NAU, NUF
(2)Output: 𝐺 = (𝑉, 𝐸)
(3) Select the users who are the last 10% of the login frequency and whose login

time interval is greater than 7 days, into the set LF
(4) Put the users with the top 10% of the diffusing advertisement frequency into

the set DAF
(5) Select the users who are the last 10% of the number of user’ theme

information into the set NUI
(6) Put the users with the top 10% of the attention users into the set NAU
(7) Put the users with the number of fans between 10–200 into the set NUF
(8) ZF = LF ∩ DAF ∩NUI ∩ NAU ∩ NUF
(9) Update 𝑉 = 𝑉 − ZF and 𝐸 = 𝐸 − 𝐸ZF
(10) return 𝑉, 𝐸

Algorithm 1: Eliminating zombie fans.

original and forward information frequencies, and other
basic attributes. With the ever-changing escalation of zombie
fans, zombie fans will produce more features [44]. The
existing feature-based methods to eliminate zombies may
gradually fail. We observe that because zombie fans are
occasionally managed via software program or a few people
behind, zombie fans often rarely speak, even seldom log in, or
no longer are used; and their behaviors can be vastly different
with ordinary users in profile information and contents.
Moreover, no matter how the features of zombie fans
change, they can be split into time dimension and behavior
dimension. Thus, it is reasonable to recognize zombie fans
from the time dimension and behavior dimension, and it is
more able to adapt to the needs of detecting zombie fans in
microblogging networks.

According to expert knowledge criteria [45], in the
time dimension, we assess zombie fans from the user login
frequency and the diffusing advertisement frequency. Thus,
time dimension includes login frequency (LF) and diffusing
advertisement frequency (DAF). Login frequency refers to
the number of logins in a period. The lower the frequency
of login is, the higher the probability of the user becoming
zombie fans is. The login frequency is calculated as follows:

LF = Δ𝑡.LoginNumber
Δ𝑡 , (2)

where LoginNumber indicates the number of logins. The
higher the diffusing advertisement frequency is, the higher
the probability of the user becoming zombie fans is. The
diffusing advertisement frequency is calculated as follows:

DAF = Δ𝑡.NumberOfDiffusingAdvertisement
Δ𝑡 , (3)

where NumberOfDiffusingAdertisement indicates the num-
ber of diffusing advertisement frequencies.

For the same reason, in the behavior dimension, we assess
zombie fans from the amount of user theme information and
the individual influence of the user’s fans. Thus, we take into
account the number of user theme information (NUI), the
number of attention users (NAU), and the number of user’s
fans (NUF).

To ensure that the criteria of the parameters are reliable,
the corresponding criteria are obtained by prior knowledge,
expert knowledge, or experimental trial. For example, we
select the users who are the last 10% of the login frequency
and whose login time interval is greater than 7 days into the
set LF. To reduce the amount of calculation, we filter all users
in a microblogging network. If a user has a certified user in
his/her fans, the user is not considered a zombie fan. If a user
does not have a certified user in his/her fans, the details to
eliminate zombie fans can be described in Algorithm 1.

As we can see that, unlike the classification and pattern
recognition, the proposedmethod to eliminating zombie fans
does not require labeled data and trainingmodel. It is effective
and easy to use in practice.

3.2.2. The User Final Influence. The traditional models are
simple, not taking into account the degree of social trust
between users and the user’s willingness to diffuse theme
information. However, the two factors are important to the
user final influence. In this paper, the user final influence is
calculated by integrating the MW and UI. Because the influ-
ence of a user on other users is related to the user’s willingness
to exert his/her influence, the bigger the value of MW, the
greater the probability of the user diffusing a theme infor-
mation. UFI is calculated as follows:

UFI (𝑢) = MW (𝑢) × UI (𝑢) . (4)

Mean Willingness to Diffuse Theme Information. The higher
frequency of diffusing theme information means a higher
user influence, because more users will know the user.
Therefore, MW reflects the probability that a user has high-
impact in a microblogging network. The parameter 𝑆V,𝑇𝑢𝑗
indicates the state of receiving theme information for the user
V as follows:
𝑆V,𝑡𝑢𝑗

=
{
{
{

0, The user has never received the theme information

1, The user has received the theme information.

(5)

The initial value of 𝑆V,𝑇𝑢𝑗 is set to 0. Meanwhile, to know
the result of V diffusing the theme information 𝑡𝑢𝑗, we observe
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Figure 3: An example of calculating MW: there are five users inside a community, that is, 𝑢1, 𝑢2, 𝑢3, 𝑢4, and 𝑢5. There are three users outside
the community, that is, V1, V2, and V3. (a) shows the relationship between these users. (b) shows the diffusion of theme information from 𝑢1.
(c) also shows the diffusion of theme information from 𝑢1. (d) shows the diffusion of theme information from 𝑢2.

𝑔𝑢𝑗. The parameter DiffuV,𝑡𝑢𝑗 indicates whether V diffuses the
theme information that he/she received.

DiffuV,𝑡𝑢𝑗 =
{
{
{

0, outdegree ≤ 0
1, others.

(6)

When the outdegree of V is greater than 0, it indicates
that V has already diffused the theme information; otherwise,
V has never diffused the theme information. The number of
users receiving theme information is written as NRTI and
the number of users diffusing theme information is written
as NDTI.

NRTI = ∑
𝑢∈(𝑉−{V})

∑
𝑡𝑢𝑗∈𝑇(𝑢)

𝑆V,𝑡𝑢𝑗 ,

NDTIV = ∑
𝑢∈(𝑉−{V})

∑
𝑡𝑢𝑗∈𝑇(𝑢)

DiffuV,𝑡𝑢𝑗 .
(7)

MW is calculated as

MW (V)

= 𝜃 × (NDTIV/NRTIV) + (1 − 𝜃) × ∑𝑢∈In(V)MW (𝑢) × 𝑤 (𝑢)
num𝑆

+ |NP (V)|
num𝑆

,

(8)

where 𝑤(𝑢) = 1/outdegree(𝑢). MW(V) is the MW of V.
𝜃 ∈ [0, 1] is the weight. NP(V) represents the total number
of theme information posts by V. In(V) is the set of indegree
nodes of V. 𝑤(𝑢) represents the weight of the user 𝑢, which is
determined by his/her outdegree. num𝑆 is the total number of
𝑔𝑢𝑗. The initial value of MW(V) is set as 1. We give an example
for calculating MW in Figure 3.

Assume that the MW of all users initially are 1, 𝜃 = 0.6,
and then calculate the MW as follows.

(1)𝑀𝑊(𝑢1). From Figures 3(b)–3(d), we have num𝑠 = 3. For
𝑢1, he/she posts two-theme information, which forms two
theme information graphs in Figures 3(b) and 3(c). Thus, we
get the set 𝑇(𝑢1) (|𝑇(𝑢1)| = 2). From Figure 3(d), NRTI𝑢1 =1, NDTI = 0, because the outdegree of node 𝑢1 is 0, and
𝑢1 forms its one theme information graph. The MW(𝑢1) is
calculated as follows:

𝐴 (𝑢1) = {𝑢2, 𝑢5} ,
𝐵 (𝑢1) = ⌀;

𝑤 (𝑢2) =
1
2 ,

𝑤 (𝑢5) =
1
4 ,

MW (𝑢1)

= 0.6 × (0/1) + 0.4 × (1 × (1/2) + 1 × (1/4))3 + 23
= 2330 .

(9)

(2)𝑀𝑊(𝑢2). Similar to the calculation of MW(𝑢2), we have
the set𝑇(𝑢2), |𝑇(𝑢2)| = 1. FromFigures 3(b) and 3(c), we have
NDTI𝑢2 = 1, NRTI𝑢2 = 2. MW(𝑢2) is calculated as follows:

𝐴 (𝑢2) = {𝑢1, 𝑢4} ,
𝐵 (𝑢2) = ⌀;
𝑤 (𝑢2) = 1,

𝑤 (𝑢4) =
1
3 ,

MW (𝑢2) =
0.6 × (1/2) + 0.4 × (1 × 1 + 1 × (1/3))

3
+ 13 =

1
18 .

(10)
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Similarly, for 𝑢3, 𝑢4, and 𝑢5, we have

NDTI𝑢3 = 0 + 0 + 0 = 0,

NRTI𝑢3 = 0 + 0 + 1 = 1,

MW (𝑢3) =
0.6 × 0 + 0.4 × 0

3 + 0 = 0,

NDTI𝑢4 = 1 + 1 + 1 = 3,

NRTI𝑢4 = 1 + 1 + 1 = 3,

𝐴 (𝑢4) = {𝑢2} ,

𝐵 (𝑢4) = ⌀,

𝑤 (𝑢2) = 1,

𝐴 (𝑢4) = {𝑢1, 𝑢2} ,

𝐵 (𝑢4) = {V2} ,

𝑤 (𝑢1) =
1
3 ,

𝑤 (𝑢2) =
1
2 ,

𝑤 (V2) = 1,

𝐴 (𝑢4) = {𝑢2} ,

𝐵 (𝑢4) = ⌀,

𝑤 (𝑢2) =
1
3 ,

MW (𝑢4) =
0.6 × (3/3) + 0.4 × (1 × 1 + 1 × (1/3) + 1 × (1/2) + 1 × 1 + 1 × (1/3))

3 + 0 = 2865 ,

NDTI𝑢5 = 0 + 1 + 1 = 2,

NRTI𝑢5 = 1 + 1 + 1 = 3,

𝐴 (𝑢5) = {𝑢1} ,

𝐵 (𝑢5) = ⌀,

𝑤 (𝑢2) =
1
3 ,

𝑤 (𝑢4) =
1
3 ,

𝐴 (𝑢5) = {𝑢1} ,

𝐵 (𝑢5) = ⌀,

𝑤 (𝑢1) =
1
3 ,

𝐴 (𝑢5) = {𝑢2} ,

𝐵 (𝑢5) = {V2} ,
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𝑤 (𝑢2) =
1
3 ,

𝑤 (V2) = 1,

MW (𝑢5) =
0.6 × (2/3) + 0.4 × (1 × (1/3) + 1 × (1/3) + 1 × (1/3) + 1 × (1/3) + 1 × 1)

3 + 0 = 49 .
(11)

The User Influence. There are mutual impact and mutual
trust between users. Social trust plays an important role in
calculating the user influence. She/he is impacted by others
including users inside and outside the community.

(1) Calculating Direct Trust and Direct Influence. If V is an
entry node of 𝑢, then V will have direct trust on 𝑢.

DTV𝑢 =
RU (𝑢)

outdegree (V) ,

RU (𝑢) =
∑𝑤∈In(𝑢) RU (𝑤)
indegree (𝑢) ,

(12)

where DTV𝑢 is the direct trust of V on 𝑢. RU(𝑢) is the
reputation of user 𝑢. In(𝑢) is the set of entry nodes of 𝑢, and
RU(𝑢 ← 𝑤) is the reputation of the entry neighbor 𝑤 of 𝑢.
The value of RU(𝑢) depends on the average reputation of all
𝑢’s entry neighbors. For each node, we give the initial direct
trust value 0.1. In Figure 3(a), we calculate the direct trust on
𝑢1 from other nodes as follows:

RU (𝑢1) =
0.1 + 0.1 + 0.1 + 0.1

4 + 1 = 0.08,

In (𝑢1) = {𝑢2, 𝑢4, 𝑢5, V1} ,

DT𝑢2 ,𝑢1 =
0.08
2 = 0.04,

DT𝑢3 ,𝑢1 =
0.08
0 (written as 0) ,

DT𝑢4 ,𝑢1 =
0.08
2 = 0.04,

DT𝑢5 ,𝑢1 =
0.08
4 = 0.02,

DTV1 ,𝑢1 =
0.08
2 = 0.04,

DTV2 ,𝑢1 =
0.08
1 = 0.08,

DTV3 ,𝑢1 =
0.08
0 (written as 0) .

(13)

𝑢 has a direct influence on V as follows:

DI𝑢V =
𝐼 (𝑢 ← V)

outdegree (V) ,

𝑊 (𝑢 ← V) = |theme (V, 𝑢)|
NRTIV

,
(14)

where DI𝑢V is the direct influence of 𝑢 on V. 𝐼(𝑢 ← V) is
the degree of interest of V to 𝑢. |theme(V, 𝑢)| is the amount
of the theme information from 𝑢 in the receiving theme
information of V.

In Figure 3, we calculate the direct influence on 𝑢1
produced by other users as follows:

𝐼 (𝑢1 ← 𝑢2) =
2
2 = 1,

𝐼 (𝑢1 ← 𝑢3) =
0
1 = 0,

𝐼 (𝑢1 ← 𝑢4) =
2
3 = 0.667,

𝐼 (𝑢1 ← 𝑢5) =
2
3 = 0.667,

𝐼 (𝑢1 ← V1) =
2
3 = 0.667,

𝐼 (𝑢1 ← V2) =
2
3 = 0.667,

𝐼 (𝑢1 ← 𝑢3) =
2
0 (written as 0) .

(15)

In Figure 3(a), we have

DI𝑢1𝑢2 =
1
2 = 0.5,

DI𝑢1𝑢3 =
0
0 is 0,

DI𝑢1𝑢4 =
0.667
2 = 0.334,

DI𝑢1𝑢5 =
0.667
5 = 0.133,

DI𝑢1V1 =
0.667
2 = 0.334,

DI𝑢1V2 =
1
1 = 1,

DI𝑢1V3 =
0
0 (written as 0) .

(16)

(2) Indirect Trust and Indirect Influence. If 𝑢 is the reachable
node of V, then V will have indirect trust on 𝑢 as follows:

ITV𝑢 =
RU (𝑢)
minV𝑢

. (17)
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ITV𝑢 is V’s indirect trust on 𝑢. minV𝑢 is the length of the
shortest path from V to 𝑢.

In Figure 3(a), we calculate the indirect trust on 𝑢1 gained
from other nodes as follows:

IT𝑢2𝑢1 =
0.08
1 = 0.08,

IT𝑢3𝑢1 =
0.08
0 (written as 0) ,

IT𝑢4𝑢1 =
0.08
1 = 0.08,

IT𝑢5𝑢1 =
0.08
1 = 0.08,

ITV1𝑢1 =
0.08
1 = 0.08,

ITV2𝑢1 =
0.08
2 = 0.04,

ITV3𝑢1 =
0.08
0 (written as 0) .

(18)

𝑢 has an indirect influence on V as follows:

II𝑢V =
𝐼 (𝑢 ← V)
minV𝑢

,

𝐼 (𝑢 ← V) = |theme (V, 𝑢)|
NRTIV

.
(19)

In Figure 3(a), we calculate the indirect influence of other
nodes on 𝑢1 as follows.The calculation of 𝐼 is the same as the
above formula.

II𝑢1𝑢2 =
1
1 = 1,

II𝑢1𝑢3 =
0
0 (written as 0) ,

II𝑢1𝑢4 =
0.667
1 = 0.667,

II𝑢1𝑢5 =
0.667
1 = 0.667,

II𝑢1V1 =
0.667
1 = 0.667,

II𝑢1V2 =
1
2 = 0.5,

II𝑢1V3 =
0
0 (written as 0) .

(20)

(3) User Combined Influence. Assuming that V can reach 𝑢
through a path, we introduce the factor 𝜆 (𝜆 ∈ [0, 1]).

If V is the entry node of 𝑢, the combined influence of 𝑢 on
V is

UCI𝑢V = 𝜆DI𝑢V + (1 − 𝜆)DTV𝑢. (21)

If V is not an entry node of node 𝑢, but 𝑢 is a reachable node
of V, the combined influence is

UCI𝑢V = 𝜆II𝑢V + (1 − 𝜆) ITV𝑢. (22)

Assume 𝜆 = 0.3. In Figure 3, we calculate the combined influ-
ence of other nodes on 𝑢1 as follows.

𝑢2 is the entry node of 𝑢1; then we have UCI𝑢1𝑢2 =0.3 × 0.5 + 0.7 × 0.04 = 0.178.
𝑢4 is the entry node 𝑢1; then we have UCI𝑢1𝑢4 = 0.3 ×0.334 + 0.7 × 0.04 = 0.1282.
𝑢5 is the entry node of 𝑢1; then we have UCI𝑢1𝑢5 =0.3 × 0.133 + 0.7 × 0.02 = 0.0539.
V1 is the entry node of 𝑢1; then we have UCI𝑢1V1 =0.3 × 0.334 + 0.7 × 0.04 = 0.1282.
V2 is the reachable node of 𝑢1; then we have UCI𝑢1V2 =0.3 × 0.5 + 0.7 × 0.04 = 0.178.

(4) User Influence. User influence is got by combining all
users’ influence:

UI (𝑢) =
∑V∈SUCP(𝑢)UCI𝑢V
|SUCP (𝑢)| , (23)

where SUCP represents a set of users that can reach 𝑢 through
a certain path. For example, in Figure 3, the user influence of
𝑢1 is calculated as follows:

UI (𝑢1)

=
UCI𝑢1𝑢2 + UCI𝑢1𝑢4 + UCI𝑢1𝑢5 + UCI𝑢1V1 + UCI𝑢1V2

5
= 0.133.

(24)

Whenwe getMW(𝑢1) andUI(𝑢1), the user final influence
can be calculated according to (4).

3.2.3. Community Influence. The community influence is
composed of the users’ interaction inside and outside the
community. In this paper, we consider it from three factors,
that is, the user-integrated influence, the community size, and
the degree of relationship tightness among users inside the
community.

User-integrated influence (UII) is integrated from the
final influence of all users within the community.

UII (𝐶𝑖) = ∑
𝑢∈𝐶𝑉(𝑢)

UFI (𝑢) , (25)

where UII(𝐶𝑖) is UII of the community𝐶𝑖.𝐶𝑉(𝑢) is the set of
users inside community 𝐶𝑖.

The community size (CS) is important to the calculation
of the community-level influence. The larger the number of
users in a community is, the greater the influence of the
community becomes. The formula is as follows:

CS (𝐶𝑖) =
𝐶𝑉 (𝐶𝑖)


max (𝑉) , (26)

where |𝐶𝑉(𝐶𝑖)| represents the number of users in a commu-
nity and max(𝑉) represents the total number of users in the
social network.
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Input: 𝐺 = {𝑉, 𝐸}; 𝐶; 𝑇(𝑢); 𝑔(𝑢); UII = 0; 𝜏; 𝜌; RT = 0
Output: community influence
(1) for 𝑖 = 0 to |𝑉| do
(2) MW(𝑖)
(3) UI(𝑖)
(4) end for
(5) for 𝑗 = 0 to |𝐶𝑉| do
(6) UII(𝑗) = MW(𝑗) × UI(𝑗) + UII(𝑗)
(7) end for
(8) CS(𝐶)
(9) for 𝑖 = 0 to |𝐶𝑉| do
(10) RT(𝐶𝑖) =

∑𝑢∈𝐶𝑉(𝐶𝑖)(outdegree(𝑢) + indegree(𝑢))
𝐶𝑉(𝐶𝑖)

(11) end for
(12) CI(𝐶𝑖) = 𝜏 × UII(𝐶𝑖) + 𝜌 × CS + (1 − 𝜏 − 𝜌) × RT(𝐶𝑖)
(13) return CI(𝐶𝑖)

Algorithm 2: Community-level influence analysis algorithm (CIAA).

The degree of relationship tightness (RT) represents the
degree of closeness between users inside a community. We
describe it from the user’s outdegree and indegree as follows:

RT (𝐶𝑖) =
∑𝑢∈𝐶𝑉(𝐶𝑖) (outdegree (𝑢) + indegree (𝑢))

𝐶𝑉 (𝐶𝑖)
. (27)

Therefore, we calculate the CI as follows:

CI (𝐶𝑖) = 𝜏 × UII (𝐶𝑖) + 𝜌 × CS + (1 − 𝜏 − 𝜌)

× RT (𝐶𝑖) ,
(28)

where 𝜏 and 𝜌 (𝜏, 𝜌 ∈ [0, 1]) are used to distinguish the
importance of different factors.

3.3.The Proposed Algorithm. According to the above descrip-
tion, we propose a community-level influence analysis algo-
rithm, called CIAA, in a pseudo-code format in Algorithm 2.
It can be seen from the algorithm that the total time
complexity is 𝑂(𝑛). This means that our algorithm can be
applied on large-scale social dataset.

4. Experiments

We conduct experiments to validate the effectiveness of the
proposed approach on a real-world microblogging network.
In this section, we describe the experimental setup followed
by the discussion of experiment results.

4.1. Dataset. The real-world dataset in this paper is crawled
from Sina Weibo by Weibo crawler. Similar to a hybrid of
Twitter and Facebook, SinaWeibo is one of the most popular
sites in China. It has more than 33% of the Internet users
in China, and its market penetration is equivalent to that of
Twitter in the United States. As released by the Sina Weibo,
as of June 2016, the active users from different social and
cultural backgrounds have reached 282 million monthly and
86.8 million daily. Moreover, there are nearly 100million new

Table 1: Data structure and description of the user information.

Features Description
UserID User’ ID
IsVIP Authenticated user
FansNum Number of fans
AttenNum Number of attention users
ThemeAmo Amount of theme information
Tag User’ label
Time Login time

Table 2: Data structure and description of the user theme informa-
tion (microblogs).

Features Description
ThemeID Theme information ID
ThemeFromID Source ID of theme information
ProNum Number of processes
ThemeClass Theme information class
PTime Post time of theme information

Table 3: Data structure and description of the user fans.

Features Description
UserID User’ ID
FansID Fans’ ID

microblogs every day. They promote and disseminate views
and attitudes on business, culture, education, and so forth.
The crawled data includes 20,151,129 microblogs, 932,578,467
comments, and 9,218 users. In this paper, we collected more
than 1000 users from the crawled dataset and divided the
related information into Tables 1, 2, 3, and 4 for data sources
according to our model framework. They are stored in txt-
formatted files.
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Figure 4: (a) is the outdegree distribution and (b) is the degree distribution.

Table 4: Data structure and description of the user attention.

Features Description
UserID User’ ID
AttenID User-attended ID

Table 5: Parameters for experiments.

Symbol Description Value
𝑉 The total number of nodes 1127
𝐶𝑉 The total number of nodes in the community 20
𝜆 Parameter 0.3
𝜃 Parameter 0.5
𝜏 Parameter 0.5
𝜌 Parameter 0.3

4.2. Experimental Setting. All experiments are conducted on
a PC with Intel Core i5 processor, 8GB RAM. According to
prior knowledge, we set the parameters of the experiments as
Table 5.

4.3. Results

4.3.1. Community Structure Analysis. In order to mine and
study the characteristic of community, we plot the outdegree
distribution and degree distribution of users in community.
In a directed social network, the indegree of nodes is the
number of fans of the user. The outdegree of nodes is the
amount of the user’s attention. Figure 4 shows the outdegree
and degree distribution of data sources.

As shown in Figure 4, the outdegree distribution and the
degree distribution of Sina Weibo dataset follow the power-
law distribution, which indicates that the social network
composed of the dataset is a scale-free network.

4.3.2. Eliminating Zombie Fans. In order to improve the
accuracy of our model, we remove zombie fans. According
to the eliminating zombie fans method in Algorithm 1, we
finally remove 12 zombie fans, as shown in Table 6.

As shown in Table 6, the three sets are NUI, NAU, and
NUF. The little black boxes in Table 6 represent the shared
users of three sets, and they are the same as the shared users
from time dimension and behavior dimension. Therefore,
the shared users will be removed. We compare the user
final influence without the zombie fans with the user final
influence with the zombie fans, as shown in Table 7.

From Table 7, the result of the comparison shows that
the accuracy of the UFI with zombie fans for the actual user
ranking is only 60%. It is concluded that the elimination of
zombie fans is very important for the accuracy of the user
final influence.

4.3.3. Accuracy Analysis of the User Final Influence. We cal-
culate the user final influence of users in community, but we
compare the top ten users for simplicity. The top 10 user final
influences and their related information are shown in Table 8.

According to the UFI ranking in Table 8, we find that
these users are authenticated user. It is concluded that the
authenticated users are more influential in microblogging
networks. There are two reasons for this phenomenon. First,
the majority of well-known users are authenticated users,
and the influence of well-known users is larger than the user
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Table 7: Comparison of the user final influence.

User ID UFI without
zombie fans

UFI with
zombie fans

The actual
rankings

263 ∗ ∗ ∗ ∗023 1 3 1
511 ∗ ∗ ∗ ∗843 2 2 2
519 ∗ ∗ ∗ ∗020 3 1 3
508 ∗ ∗ ∗ ∗496 4 4 4
550 ∗ ∗ ∗ ∗598 5 5 5
267 ∗ ∗ ∗ ∗724 6 6 6
365 ∗ ∗ ∗ ∗215 8 8 7
299 ∗ ∗ ∗ ∗593 7 7 8
522 ∗ ∗ ∗ ∗989 9 9 9
194 ∗ ∗ ∗ ∗451 10 10 10

Table 8: Top 10 user information of the UFI.

UFI
ranking User ID Number of

fans
Number of

blogs
Authenticated

or not
1 263∗∗∗∗023 128 1515 1
2 511∗∗∗∗843 282 1282 1
3 519∗∗∗∗020 66 101 1
4 508∗∗∗∗496 261 5471 1
5 550∗∗∗∗598 14 22 1
6 267∗∗∗∗724 823 1452 1
7 299∗∗∗∗593 158 109 1
8 365∗∗∗∗215 177 945 1
9 522∗∗∗∗989 13 29 1
10 194∗∗∗∗451 69 11 1

average influence. Second, the authenticated user’s identity is
transparent, which makes the user have higher social trust.
Table 8 also shows that the user final influence needs to be
considered from the quality of the user fans, the number of
user microblogs, and user authentication.

Table 9 and Figure 5 show the comparison between the
UFI method and the microblog-fans ranking algorithm.
Table 9 shows the UFI method ranking and the correspond-
ing ranking via microblog-fans ranking algorithm. Figure 5
shows the overall ranking order via the microblog-fans
ranking algorithm.

It can be seen from Table 9 and Figure 5 that the UFI
ranking is almost completely different from the microblog-
fans ranking. Overall, according to the UFI method, the
number of microblogs and fans of the top users must reach a
certain quantity to support individual influence. Thus, the
number of microblogs and fans is a factor of measuring influ-
ence in UFI method. However, social trust between users can
help improve individual influence in the UFI method.

The user final influence is an experimental evaluation of
the user, and there is no existing dataset with its comparison.
We can only refer to the ranking of the user influence from
some affiliations. Based on the ranking of user influence
provided by Sina Weibo official, we verify the calculation

Table 9: Comparison of UFI method with microblog-fans ranking
algorithm.

UFI
ranking User ID Number of

fans
Number of

blogs

Microblog-
fans

ranking
1 263∗∗∗∗023 128 1515 3
2 511∗∗∗∗843 282 1282 4
3 519∗∗∗∗020 66 101 8
4 508∗∗∗∗496 261 5471 1
5 550∗∗∗∗598 14 22 6
6 267∗∗∗∗724 823 1452 2
7 299∗∗∗∗593 158 109 7
8 365∗∗∗∗215 177 945 5
9 522∗∗∗∗989 13 29 10
10 194∗∗∗∗451 69 11 9
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Figure 5: The overall ranking via the microblog-fans ranking algo-
rithm.

method proposed in this paper. We compare the results
of the proposed method with the official ranking to verify
the correctness of the user final influence. Because each
microblogging platform has its own influence calculation
method, we cannot numerically compare the results, but we
compare the results from the relative position, that is, rank-
ing. If the influence rankings of the two methods are in the
similar order, we consider the results of the influence analysis
to be similar. The comparison of the users ranking by Sina
Weibo officially and UFI method is shown in Table 10.

In Table 10, the user final influence calculation method
and the user actual ranking are mainly the same but having
the user pair of 299 ∗ ∗ ∗ ∗593 and 365 ∗ ∗ ∗ ∗215. That
is because user influence ranking by Sina Weibo emphasizes
the number of microblogs and fans, and the number of
microblogs and fans of user 299∗∗∗∗593 and user 365∗∗∗
∗215 is largely different. However, the UFI method considers
the factors of influence more reasonably.
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Table 10: Comparison of user actual ranking with UFI ranking.

User ID The actual
ranking UFI value UFI ranking

263 ∗ ∗ ∗ ∗023 1 1.0000 1
511 ∗ ∗ ∗ ∗843 2 0.0384 2
519 ∗ ∗ ∗ ∗020 3 0.0215 3
508 ∗ ∗ ∗ ∗496 4 0.0107 4
550 ∗ ∗ ∗ ∗598 5 0.0099 5
267 ∗ ∗ ∗ ∗724 6 0.00726 6
299 ∗ ∗ ∗ ∗593 8 0.0028 7
365 ∗ ∗ ∗ ∗215 7 0.0021 8
522 ∗ ∗ ∗ ∗989 9 0.0019 9
194 ∗ ∗ ∗ ∗451 10 0.0016 10

UFI
Microblog-fans

Parameter pairs (lamda, theta)
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Figure 6: Comparison of accuracy of two methods with different 𝜆
and 𝜃.

Considering the results of Sina Weibo official as the stan-
dard, the accuracy of UFI method will change with different
𝜆 and 𝜃, as shown in Figure 6.

From Figure 6, it can be seen that the UFI method
accuracy changes with the different 𝜆 and 𝜃. When 𝜆 = 0.3,
𝜃 = 0.5, UFI method has the highest accuracy. Therefore, the
parameter pair (0.3, 0.5) is used for other experiments. We
also find that the UFI method is more accurate than the
microblog-fans ranking algorithm. Moreover, this experi-
ment indicates the importance of the user willingness to
diffusing theme information in the accuracy of the user
influence.

4.3.4. Accuracy Analysis of CIAA. Because the existing stud-
ies of community influence are few, we compare the proposed
algorithm CIAA with the averaging user influence algorithm
(AI). We set different parameters pair 𝜏 and 𝜌 for comparing
the two algorithms.Then, we can calculate the corresponding
community influence, as shown in Figure 7.

Figure 7 shows that the results of the CIAA are changing
with the different parameter values. When 𝜏 = 0.5 and 𝜌 =
0.2, the results of the two algorithms are closest. That is
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Figure 7: The community-level influence by two measuring algo-
rithms with different (𝜏, 𝜌) pairs.

because the AI algorithm is mainly the weighted average of
the user influence, and the CIAA is the integration of the
user-integrated influence, the community size, and the degree
of relationship tightness among users inside the community.
The greater the proportion of the user final influence, the
closer the results of the two algorithms. Therefore, the pro-
posed algorithm outperforms the state-of-the-art baseline
algorithm.

5. Conclusion

In this paper, we studied the emerging problem on how to
model community-level influence. Online social networks,
especially microblogging networks, are more and more
important in our daily life. Previous works can effectively
copewith the individual influence inmicroblogging network,
but they rarely evaluate the social influence in community
level, which outweighs the individual influence. We defined
the related concepts for the community-level influence and
constructed a model that combined the user influence, social
trust, and relationship tightness of intrausers in a community
to reveal the community-level influence appropriately. We
proposed the algorithm CIAA to cope with the real-world
applications. We conducted empirical studies on a real-
world microblogging crawled from Sina Weibo, where the
CIAA outperformed the state-of-the-art baseline algorithm.
To the best of our knowledge, the proposed approach has
a significant effect on community influence in microblog-
ging network. The highlights of this paper can be summa-
rized as follows: (1) formulating the problem of analyzing
community-level influence and designing a community-
level influence analysis model; (2) proposing community-
level influence analysis algorithm called CIAA, to cope with
real-world microblogging applications; and (3) extensively
demonstrating the superiority of the proposed method. In
the future work, we plan to extend the proposed method to
assess the community influence in dynamic online social net-
work.
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Recurrent neural network (RNN) has been widely applied to many sequential tagging tasks such as natural language process (NLP)
and time series analysis, and it has been proved that RNNworks well in those areas. In this paper, we propose using RNNwith long
short-termmemory (LSTM) units for server load and performance prediction. Classical methods for performance prediction focus
on building relation between performance and time domain, which makes a lot of unrealistic hypotheses. Our model is built based
on events (user requests), which is the root cause of server performance. We predict the performance of the servers using RNN-
LSTM by analyzing the log of servers in data center which contains user’s access sequence. Previous work for workload prediction
could not generate detailed simulated workload, which is useful in testing the working condition of servers. Ourmethod provides a
new way to reproduce user request sequence to solve this problem by using RNN-LSTM. Experiment result shows that our models
get a good performance in generating load and predicting performance on the data set which has been logged in online service.
We did experiments with nginx web server and mysql database server, and our methods can been easily applied to other servers in
data center.

1. Introduction

In the past few decades, the World Wide Web (WWW) [1]
has experienced phenomenal growth and server systems have
become more and more complex and performance-hungry.
With the popularization of B/S structure, data processing is
further centralized to the server, whichmeans new challenges
to the management of server performance [2]. It is an
important part in computer system performance manage-
ment to predict the server’s infrastructure resource perfor-
mance (like CPU rate and throughput) and workload (user’s
requests) correctly and effectively, which helps improve qual-
ity of the service while minimizing the wastage in resource
utilization.

Many applications of big data analytics have been devel-
oped to enhance the operation of cloud computing and web
server infrastructures in recent years [3]. Previous methods
for the performance prediction job basically fall into two
categories: one is focusing on building the relation between
performance and time, such as neural network (MLP), and
linear regression [4], weighted multivariate linear regression

(MVLR) [5], and recurrent neural network (RNN) [6] even
LSTM [7] are used; another one does not consider the
sequential effects and predicts the performance by analyzing
the workload; for example, Yu et al. [8] use Clustering and
Multilayer Perceptron (MLP) to do this task.

Both of these two kinds of method may not explore the
essence of the problem. Since the fluctuation of server’s per-
formance is caused by user’s request sequence, we argue that
both user’s behavior and its property of the sequence need to
be considered when predicting the web server performance.
And predicting the performance based on events sequence
(user’s requests) is our new idea.

The workload in our research is the requests loaded to
the server; thus predicting the workload means predicting
the requests sequence accessed by the users actually, which
has few previous related studies. Previous works in this job
focused on predicting the total request situation, for example,
the total number of users or the number of requests in a
time-window, but did not consider the detail of it, such as
the research of Vercauteren et al. [9]. So it is very difficult
to reproduce the workload to the server for testing the
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performance of servers, which can be very useful for server
management.

Like the idea for performance prediction, we argue that
users request to servers is the base of the total workload, so the
jobmentioned here is reproducing the user’s access sequence,
which can be considered a kind of user characterization.

Recently deep neural networks start to show their great
capability in language modeling [10]. And recent research
reveals that RNN significantly outperforms popular statistical
algorithms [11]. As a special kind of RNN, LSTM neural
network [12] is proved to be efficient in modeling sequential
data like speech and text [13]. These previous researches
inspires us to use LSTM in these prediction tasks, because
user’s request is a sequential data.

For the purpose of improving the performance of pre-
dicting web server performance and workload, we apply
RNN-LSTM network with requests-to-vector to this task.
Our contributions can be summarized as two points:

(1) Our work is the first one to apply RNN-LSTM
network to predict the performance and workload of
Web servers or data center.

(2) We proposed to investigate the relation between
users’ requests sequence andweb server performance,
which previous researches did not paymuch attention
to.

In a word, our research consists of two models; the work-
load prediction model in this paper is used to generate an
analog workloadwhich is the user’s specific request sequence.
And the one for performance prediction can predict the
performance by analyzing the user’s request sequence.

This paper is organized as follows. Section 2 introduces
LSTM network and the architecture of our models. Then
we introduce our training and application framework in
Section 3. Section 4 shows the details and results of our exper-
iments and compares our work with previous researches.
Finally, Section 5 is the conclusion of the whole paper.

2. Model

2.1. LSTMNetwork. As shown in Figure 1, the basic structure
of a LSTM unit is composed of a memory cell 𝑐𝑡 ∈ 𝑅𝑑 and
three essential gates: Input Gate 𝑖𝑡 ∈ 𝑅𝑑, Output Gate 𝑜𝑡 ∈ 𝑅𝑑,
and Forget Gate 𝑓𝑡 ∈ 𝑅𝑑.

The formulas for updating the state of each gate and cell
in a LSTMunit using the input of 𝑥𝑡,𝑦𝑡−1, and 𝑐𝑡−1 are defined
as follows:

𝑧𝑡 = 𝑔 (𝑊𝑧𝑥𝑡 + 𝑅𝑧𝑦𝑡−1 + 𝑏𝑧) ,
𝑓𝑡 = 𝜎 (𝑊𝑓𝑥𝑡 + 𝑅𝑓𝑦𝑡−1 + 𝑏𝑓) ,
𝑖𝑡 = 𝜎 (𝑊𝑖𝑥𝑡 + 𝑅𝑖𝑦𝑡−1 + 𝑏𝑡) ,
𝑜𝑡 = 𝜎 (𝑊𝑜𝑥𝑡 + 𝑅𝑜𝑦𝑡−1 + 𝑏𝑜) ,
𝑐𝑡 = 𝑖𝑡 ⊙ 𝑧𝑡 + 𝑓𝑡 ⊙ 𝑐𝑡−1,
𝑦𝑡 = 𝑜𝑡 ⊙ ℎ (𝑐𝑡) .

(1)
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Figure 1: Schematic of LSTM unit [14].

Here 𝑥𝑡means the input feature vector at time 𝑡. Similarly,
𝑦𝑡−1 and 𝑐𝑡−1 are the output vector and cell state at time
𝑡 − 1. And each of them is a 𝑑-dimensional value. 𝑊 in
formulas are the weight matrices of the input parts in the
gates and cell of LSTM network, and 𝑅 are the ones of the
recurrent parts. 𝑏 means bias vectors of each formula. As
for the ⊙ mark, it means pointwise multiplication. The 𝜎(𝑥),
𝑔(𝑥), and ℎ(𝑥) functions are the activation functions of every
part in LSTM, which determine the amount of information
that can be passed. And we use sigmoid as the activation
function of three gates (𝜎(𝑥) in the formulas) and 𝑔(𝑥), and
we use the rectified linear units (ReLUs) function [15] as
the function ℎ(𝑥) in the formulas. ReLU function is a very
popular new nonlinear activation function and it is defined as
follows:

ℎ (𝑥) = max (0, 𝑥) . (2)

And using ReLU as the activation function can make the
network be trained several times faster than using equivalents
with saturating neurons like tanh and sigmoid [15].

With this special structure, LSTM network is robust with
respect to exploding and vanishing gradient problems [12], so
it is able to learn long-term dependencies which RNN cannot
perform very well and makes the model be trained without
hand-generated features.

Because of the advantages of LSTM, we use LSTM as
the basic part of our model to capture the sequential infor-
mation of requests and then predict the workload and the
performance by using the highly abstract features generated
by LSTM layers.

2.2. Model for Workload Prediction. One of our preliminary
ideas for thismodel is taking each user’s request as an instance
and certain length of user’s request as a bag containing a
number of instances, and the label of the bag is set to be the
next request of the final one in the bag, so predicting users
requests can be regarded as a problem of multiple-instance
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Figure 2: The network structure for two models: (a) model for workload prediction and (b) model for performance prediction. Model (a)
takes request vectors as the input and output of the network, using the latest 𝑛 − 1 requests to predict the 𝑛th request. The input of model
(b) is the latest 𝑛 feature vectors extracted from the log of every time-window, and its output is the value of certain kind of performance in 𝑛
time-window.

learning (MIL), which has been used widely in drug dis-
covery, text categorization, and graph classification [16].
Previous works like the researches of Wu et al. [17, 18]
have shown good classification effectiveness in the area of
graph classification. However, the sequential features of the
requests are not considered if doing prediction in this way.
So we finally selected using LSTM network in this prediction
task.

Ourmodel for workload prediction is designed to predict
the request sequence of users, which is similar to natural
language generation. As shown in Figure 2, the base layer
of both our models is two layers of RNN-LSTM, which
can capture the features of the user request sequence. And
we only use the outputs of the final LSTM unit to do
the prediction, which is the many-to-one model of LSTM.
This means we use the previous 𝑛 − 1 request to predict
the 𝑛th request (suppose the length of the sequence is
𝑛).

The output layer of the model for workload prediction is
obviously a multiclassification task for every user request. So
the output of the LSTM layer is designed to be passed into a
hidden layer with softmax function, which finally outputs the
probability of each request in the [0, 1] interval. Suppose the
input vector of the softmax layer is (𝑦1𝑖 , 𝑦2𝑖 , . . . , 𝑦𝑘𝑖 ); we get the

output vector of this layer (𝑝1𝑖 , 𝑝2𝑖 , . . . , 𝑝𝑘𝑖 ) by using following
formula:

𝑃(𝑦𝑗𝑖 ) = 𝑒̂𝑦𝑗𝑖
∑𝐾𝑘=1 𝑒𝑦𝑘𝑖

, 𝑗 ∈ [1, 𝐾] . (3)

And the model is trained by minimizing the cross-
entropy error between the output of the whole network and
the true value. Using cross-entropy as the loss function is the
most popular choice in the area of multiclassification task,
which also achieves goodperformance. Suppose the true label
is 𝑦𝑖 ∈ [1, 𝑘], and the true vector is one-hot, so the loss
function is defined as follows:

𝐽 (𝜃) = −
𝑘

∑
𝑗=1

1 {𝑦𝑖 = 𝑗} log𝑃(𝑦𝑗𝑖 ) , (4)

where 𝜃means the parameters of the network, and the symbol
1{⋅}means an indicator that equals one when the condition in
the brackets returns true and it equals zero otherwise.

2.3. Model for Performance Prediction. Different from the
traditional work of RNN-LSTM in NLP task and the model
for workload prediction, of which the output layer is usually
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designed as a classifier, the output layer of this model is
designed as a liner regression task for every performance.
We want to predict the performance like throughput, request
delay, and CPU rate, which are not classifications but certain
numbers, by analyzing the requests sequence recorded by the
server. So the output layer of this model is designed to be a
Multilayer Perceptron (MLP), which can fit any continuous
function with enough neurons in theory [19].

And ReLU is also used as the activation functions of each
fully connected layer here. To prevent the neural networks
from overfitting, a dropout [20] layer is connected between
two fully connected layers and LSTM layers with the fixed
probability𝑝 = 0.5.This probabilitymeans half of the units in
the network will be randomly selected and then temporarily
removed from the network when training the network. It
has been proved by previous work that performance of
the networks can be improved dramatically when applying
dropout layers at multiple LSTM layers [21].

As shown in Figure 2(b), this model uses the latest
requests in 𝑛 time-windows to predict the performance in the
𝑛th time-window, which is a small but important difference
between the models for workload, because the performance
is affected by not only previous requests but also current
operation of users, while the 𝑛th request is just strongly
related to previous requests.

For the linear regression tasks, L1 norm (absolute differ-
ences), L2 norm (squared differences), and smooth L1 [22] are
well-known loss functions. The L1 norm is not smooth when
the error is close to 0, so it is seldom used. Smooth L1 is a
robust L1 loss, and it is less sensitive to outliers than the L2
loss [22]. But all of our data are fed after normalization, and
there is little outliers out data set; considering the simplicity
of realization, we choose L2 norm as the loss function of this
model.

Supposing that the input vector is 𝑥𝑖, 𝑦𝑖 is the value
predicted by themodel, and 𝜃means the network parameters,
we use the variance between the real value of the performance
and the predicted one (𝑦𝑖 − 𝑦𝑖)2 as the cost of 𝑦𝑖. So the total
loss function of the model is defined as follows:

𝐽 (𝜃) = 1
𝑚
𝑚

∑
𝑖=1

(𝑦𝑖 − 𝑦𝑖)2 , (5)

which is the mean squared error (MSE) between predicted
and true value, and𝑚 is the number of sequences in a batch.

3. Training and Application Framework

3.1. Training Framework. Training framework of our models
is shown in Figure 2; (a) is the model for workload prediction
and (b) is the one for performance prediction.

As shown in Figure 2, log files of servers are the raw
data source of our models, so the step for data processing is
quite similar, and the main idea of our models is predicting
the web server performance and workload by analyzing the
log files. Each request has an one-to-one ID in the form
of integer which is stored in a dictionary. The dictionary is
generated by collecting all the unique request string in the
whole data set. Using this ID, the requests can be abstracted

to a one-hot vector with 𝑑-dimensional, and we call it request
vector. The request vector of the request with ID 1 is V =
(1, 0, 0, . . .) and the one with ID 2 is V = (0, 1, 0, . . .) and
so on. The feature vectors of requests during a time-window
can be generated by adding each request vector, and thus
every dimension of which means the number of times user
requests the server during a time-window. Take feature vector
V = (𝑝1, 𝑝2, . . . , 𝑝𝑑) as an example; 𝑝𝑖 𝑖 ∈ [1, 𝑑] in V means
that user sends the request whose ID is 𝑖 altogether 𝑝𝑖 times
in a time-window.

Actually, this step is not limited to abstract a certain form
of user’s requests. For example, the request to a database and
URL record of a web site also can be done in this way. Its key
point is to describe the user’s request in a mathematical way,
which is using the ID to represent different kinds of user’s
behavior. And this initialization step is regarded as request-
to-vector. After the step of request-to-vector, a long sequence
of feature vectors or request vectors can be generated, which
is the input of our models.

For the model for workload prediction, previous 𝑛 − 1
request vector should be fed into the network, and the 𝑛th
request vector is the true label of this request vector sequence.
Because of using themany-to-onemodel of LSTM, the output
of the model for workload is the 𝑛th request, which is the
same as the model for natural language generation. Although
the meaning of the label output by the network is different,
the principle is the same. So 1 to 𝑛 − 1 request vector is set to
be the first sequence, and 2 to 𝑛 is the second one, and so on,
which is similar to the effect of slidingwindowwith the length
of 𝑛 − 1. Figure 3(a) shows the process of data set generation
for this model.

As for the model for performance prediction, 𝑛 feature
vectors should be fed into the network; the output of the
network should be the performance at time 𝑡𝑛. The process of
data set generation for this model is shown in Figure 3(b). As
the previous feature vectors and the current one both should
be put into the network, the process of data set generation
has a little difference between the ones shown in Figure 3(a).
All of the performance values are normalized by dividing
the maximum value in theory before feeding them into the
network, which can improve the efficiency of training and the
performance of the network [23]. Theoretically, this model is
not limited to use the specific kinds of performance, CPU, and
memory occupancy rate of the server and other performances
also can be trained if data exits.

Finally, sequences of request vector or feature vector are
put into the LSTM layer of ourmodels. And the output vector
of the LSTM is then passed to the upper layer, which is the
softmax layer for the model of workload prediction and the
MLP network for the one of performance prediction. And
we apply the RMSPROP gradient descent algorithm when
training both two networks which is an improved version of
SGD algorithm and has batter performance withminibatches
[24].

3.2. Application Framework. With regard to the use of the
model, we propose an application framework, which consists
of three kinds of model selection, as shown in Figure 4. We
can use the models to predict the workload and performance
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of the server by analyzing new log files. The two models
can be used separately, which is the basic way to use our
models (1, 2 in Figure 4). After training the model for
workload prediction, request sequences under different load
conditions can be produced by feeding different seeds into
the network. The training and application methods of this
model are very similar to the usage of RNN-LSTM in the
area of natural language generation (NLG). As for the model
for performance prediction, it can predict the performance of
server under different workload conditions.

And two models can be used in combination; the model
for workload prediction can first output analog request
sequence and then feed the sequence into the model for

performance prediction (3 in Figure 4). By using the model
for workload prediction, request sequence with the original
load features can be generated. This model of usage can meet
the needs such aswhen the data of new log is too little, and the
performance under a long-term workload is required. With
these 3 kinds of options to apply these twomodels, themodels
can be used more flexibly and adapted to more situations.

On the other hand, our models are not limited by
the network architecture theoretically. Our models can be
deployed on the load balance node to predict the operation
situation of the whole network or just deployed on the service
nodes like data center node or calculation node to predict the
operation situation of certain node.

In a word, ourmodels canmeetmany different prediction
needs regardless of the network architecture, which could be
helpful in the management of data center.

4. Experiment

4.1. Setup. We keep the length of LSTM network to 15 (15
seconds), because we assume that a request cannot affect the
web server performance and workload after 15 seconds in
general. So the requests in each 15 seconds are organized into
one sequence. Our model is trained and tested on the GPU:
NVIDIAGeForce GTX 1080Ti, and themodel was developed
on the framework of theano and lasagne with CUDA to
accelerate calculation. It took about 6 to 7 hours to finish the
training of the model on the GPU. As a comparison, it will
take more time to complete this job on an ordinary CPU.

For the model for workload prediction, it is very hard
to measure the degree of similarity between the analog
load and the real load. In our research, we just do the
preliminary measure, which uses the difference between real
and simulated proportion of each ID of request to measure
the efficiency of this model. So cosine similarity is used to do
this job, and the definition is shown follows:

similarity = cos (𝜃) = ∑𝑛𝑖=1 𝐴 𝑖𝐵𝑖
√∑𝑛𝑖=1 𝐴2𝑖√∑𝑛𝑖=1 𝐵2𝑖

, (6)
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where 𝐴 and 𝐵 are the proportion vectors of the true one
and generated one, and 𝐴 𝑖 and 𝐵𝑖 are components of vectors
𝐴 and 𝐵, respectively, which means the proportion of the
request with ID 𝑖. So the value of the similarity is [0, 1], and
the closer the number is to 1, the more similar the two vectors
are.

As for the one for performance prediction, we use mean
squared error (MSE), which is also the loss function of the
network to measure the efficiency of the model.

4.2. Experiment on Data Set A

4.2.1. Data Set. Data set A for evaluating the performance
of our models contains the log files of 191 web servers nodes
in one day. The web servers are set up using nginx and have
been deployed in production environment, which means the
records in log files are real. The log files of nginx can record
the request in the form of URL. Besides the URL sequences,
we can also get status code, the delay of each request, and the
number of bytes of data transmission for each request from
the log files.We can obtain the server’s error rate, throughput,
and average request delay, which is the three performances
in this experiment. Table 2 shows the performance we tested
in this experiment and their description. We regard the
maximum throughput of the network card as the maximum
of throughput, which is 12.5Mb/S. 100ms is the maximum
of request delay. As for error rate, it is in [0, 1] interval
originally.

Because of the limit of GPU memory and the large
number of log files, we choose to use log files of several
random nodes which has the biggest log files to train the
model.

4.2.2. Data Processing. First of all, we filter some requests
which are not user’s main operation, such as the requests for
a picture or a json data. Then we get 57453 valid requests,
which contain 2049 different URLs. For the model for
workload prediction, all of the requests were set as training
set. After requests-to-vector for URL requests and calculation
of the performance mentioned in Section 3.1, a one-to-one
relationship with URL requests and performance can be
established. Finally, the data sets in the form of sequence
according to the chronological order of URL requests are
generated. We split the whole data sets into training set and
test set, in accordance with the ratio of four to one. And one-
fifth of the training set are set as validation set.

4.2.3. Result. In the experiment for performance prediction,
three performances including request error rate, throughput,
and request delay are simulated. The features of the network
which has the best result on the validation set are saved, and
then we perform a final test to see the performance of our
network by using the test set.

Figure 7 shows a declining trend of the error in training,
which means our model converges quite well. Because the
value of objective function (𝑦𝑖 − 𝑦𝑖)2 is very small in this
experiment, we draw the picture using the data of log(𝑦𝑖−𝑦𝑖)2
which can show the trend more clearly. After training about
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Figure 5: Proportion of top 10 ID on data set A.

200 epochs, the model gets the best result in training set and
validation set.

Table 3 is the data of the final result about the objective
function (𝑦𝑖 − 𝑦𝑖)2 on the test set, compared with the results
on the training set. The data of average (𝑦𝑖 − 𝑦𝑖)2 in Table 3
shows that this model performs well in the task of predicting
web server performance, which is a new area of using LSTM.
On the other hand, the results of the two data sets (validation
set and test set) are similar, sowe think themodel has a certain
generalization ability.

In the experiment for workload prediction, the model
generated 43077 URL requests with the same number of
different request IDs. Because the number of different ID
is too much, and most of the requests just appear so little
times, we just compare the proportion vectors of top 10
frequent requests. Table 1 and Figure 5 show the result of this
experiment. As shown in the table, the proportion of most
kinds of request is less than 1%, and more than half of the
requests are the request with ID: 2.

The cosine similarity is 0.996607614, which means the
workload generated is very similar to the real workload and
the model can capture the features of request sequence and
regenerate them.

4.3. Experiment on Data Set B

4.3.1. Data Set. Because the requests in data set A concen-
trated in several requests, and the number of all requests is
too much, we test our models on another data set, which
we call it data set B. Different from A, data set B contains
the log files of a database which also has been deployed
in production environment. The requests of users are much
more simple, and it contains only 4 types of requests. On the
other hand, the performance data in this data set is recorded
by other tools, so the logs of the server only provide the
user request sequences and performance data is provided
by the tools. Table 4 shows the performance we tested in
this experiment and its description.We regard the maximum
value in the data set as the maximum of average delay and
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Table 1: Proportion of top 10 ID on data set A.

ID Proportion
2 10 18 41 35 30 149 96 24 314

Real proportion 0.5497 0.0305 0.0226 0.0125 0.0124 0.0123 0.0123 0.0117 0.0111 0.0106
Generated proportion 0.5603 0.0789 0.0188 0.0193 0.0206 0.0128 0.0153 0.0141 0.0110 0.0083

Table 2: Performance and description on data set A.

Performance Description
Error rate The percentage of requests errors (like 404, 403,. . .)
Throughput The total amount of data the server transmits
Request delay The average delay in processing user requests

Table 3: Result of model for different performance on data set A.

Performance Training set Validation set Test set
Error rate 1.61 ∗ 10−6 1.71 ∗ 10−06 2.89 ∗ 10−5
Throughput 1.59 ∗ 10−15 1.60 ∗ 10−15 1.37 ∗ 10−15
Request delay 5.65 ∗ 10−12 6.33 ∗ 10−12 6.48 ∗ 10−12

Table 4: Performance and description on data set B.

Performance Description
CPU rate The occupancy rate of the server’s CPU
Average delay Average delay of the requests
QPS Query per second

Table 5: Result of model for different performance on data set B.

Performance Training set Test set
CPU rate 1.002635 ∗ 10−4 8.360695 ∗ 10−4
Average delay 8.25704107 ∗ 10−5 2.9352345 ∗ 10−3
QPS 1.039598 ∗ 10−4 1.413895 ∗ 10−4

QPS to do normalization. As for CPU rate, it is in [0, 1]
interval originally.

4.3.2. Result. In the experiment for performance prediction,
three performances including CPU rate, average delay, and
QPS are simulated. Table 5 is the data of the final result about
the loss function (𝑦𝑖−𝑦𝑖)2, and the error of the predicted value
is acceptably small.

In the experiment for workload prediction, the model
generated 2000 request sequences with the length of 15 finally.
The statistical result is shown in Table 6 and Figure 6, and
the cosine similarity is 0.9985807, so the angle between two
vectors is about 3∘, which means that the workload is quite
similar at the level of proportion.

The result on this data set shows that our model also
performs well when the requests are in the form of the access
to the database, which proves our theory that the form of
the records or the requests does not affect the results of our
model. And our model has the ability to adapt to a variety of
situations.
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Figure 7: Illustration of declining trend of the error in training.

Table 6: Proportion of each ID on data set B.

Type (ID) Generated proportions Real proportions
1 0.41843333 0.4262904
2 0.10083333 0.1205442
3 0.48056667 0.4510679
4 0.00016667 0.0020976

In conclusion, the recurrent network can predict the web
server performance and workload by analyzing the request
sequences and turn out to have good performance both in
accuracy and in generalization ability.

4.4. Related Works. Both of our models are built based on
event (requests of users), which is a totally new method for
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Figure 9: Model of our previous work.

Table 7: Result of model of Song et al. on data set B.

Performance Training set Test set
CPU rate 3.6827354 ∗ 10−3 4.0699269 ∗ 10−3
Average delay 6.2893999 ∗ 10−4 2.7876459 ∗ 10−3
QPS 1.3815304 ∗ 10−4 2.3197048 ∗ 10−3

the prediction task of the server or data center. So our model
for performance prediction is very different form previous
works in this prediction task. Take the work of Song et al. [7]
as an example, which also uses LSTM in their work.

As shown in Figure 8, their work uses the previous
performance to predict the future one, which means fitting
the curve of performance with time. And it is also the key
idea of previous work, but the fitting method of each is not
the same.

As a comparative experiment, we did an experiment on
data set B using the model of Song et al. [7]. The result is
shown in Table 7, and the mean squared error (MSE) of each

performance is larger than ours, which means our model
achieves a better result.

As for the model for workload prediction, there is so
little previous research, so we did not do the comparative
experiment.

On the other hand, the research in this paper is an
extension of our previous work [25], as shown in Figure 9.We
change themodel for performance prediction frommany-to-
many to many-to-one version of LSTM, and we propose the
model for load prediction and the application framework of
two models to improve our research.

In a word, our work is completely a newmethod to do this
prediction job for sever and data center.

5. Conclusion

In this paper, we propose to use RNN-LSTM to predict web
server performance and workload. Model for performance
prediction is composed of RNN-LSTM and Multilayer Per-
ceptron (MLP), and the one for workload prediction consists
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of RNN-LSTM and softmax layer. Doing the research based
on events is a new way in this prediction area. The models
can extract features automatically during the learning process
without any prior knowledge or hand-generated features for
segmentation. Experiments conducted on real data sets show
that our models can achieve a good performance and gen-
eralization on predicting the performance of different kinds
of severs. And the result also shows that the load generated
by our model is very similar to the real one, which can be
applied to test data center and other kinds of servers. Our
results suggest that RNN-LSTM performs well on sequential
tagging tasks; moreover RNN-LSTMwith requests-to-vector
is a new effective method to predict sever performance and
workload which is worth further exploration. Most servers in
data center has log system.As long as the log file recording the
operation of the users is provided, our method can be used to
generate load for the server and predict server performance
under different load conditions. This can save a lot operation
and maintenance work in data center.
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We introduce a logo classification mechanism which combines a series of deep representations obtained by fine-tuning
convolutional neural network (CNN) architectures and traditional pattern recognition algorithms. In order to evaluate the proposed
mechanism, we build a middle-scale logo dataset (named Logo-405) and treat it as a benchmark for logo related research. Our
experiments are carried out on both the Logo-405 dataset and the publicly available FlickrLogos-32 dataset.The experimental results
demonstrate that the proposed mechanism outperforms two popular ways used for logo classification, including the strategies that
integrate hand-crafted features and traditional pattern recognition algorithms and the models which employ deep CNNs.

1. Introduction

A logo is a symbolic representation of any enterprise or
organization or institution, which symbolizes the product or
service of their respective work. Logos can be composed of
a glyph, a textual message, an icon, or an image, depicted in
various colors and styles. Detection and recognition of logos
has always been important in a wide range of applications,
such as product or brand identification, copyright infringe-
ment detection, contextual advertise placement, vehicle logo
for intelligent traffic-control system [1], and brand-related
statistics from social media streams [2]. At present, with the
rapid development of multimedia information technology,
the amount of logo data on the Internet continues to grow.
Because of the surge in the amount of logos, designing effec-
tive management tools and systems is becoming imperative.
This paper focuses on developing a fundamental tool for
organizing logos by classifying them. Categorizing makes
browsing and searching for logosmore efficient and facilitates
the development of related applications. For instance, in order
to ensure the originality and uniqueness, when creating a logo
for a new product or organization, it would be useful to be

able to search through similar products or organizations to
avoid trade infringement or duplication.

According to Bengio et al. [3], learning representation
of the data makes it easier to extract useful information
when building classifier. Hence, the success of classification
algorithm largely depends on data representation because
different representations can entangle and hide more or less
the different explanatory factors of variation behind the data.
At present, the study of representation for classification has
attracted considerable attentions and it has had extensive
applications, such as graph representation [4, 5] for classifi-
cation, advertising video representation [6] for classification,
logo classification [7–9], and other classifications employing
various technologies, for example, bagmapping for themulti-
instance learning [10]. Regarding the logo classification, Neu-
mann et al. [7] classify the logos of University of Maryland
logo database by combining local and global shape features.
Sun and Chen [8] design a logo classification system to
differentiate the logo images captured through mobile phone
cameras with a limited set of images. Kumar et al. [11] propose
a logo classification system based on the appearance of logo
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Figure 1: Overview of the proposed scheme.

images, which makes use of global characteristics of logo
images for classification, like color, texture, and shape.

However, the success of most of existing work on classifi-
cation, including logo classification, which adopts traditional
pattern recognition algorithms primarily depend on the
chosen class of features. These chosen features usually tend
to be hand-crafted. A recent advance has been the use of
deep neural networks to automate visual feature extraction
in various domains. In particular, methods that use the
convolutional neural network (CNN) model have achieved
state-of-the-art results in computer vision tasks. However, as
we know, training deep neural network is difficult due to its
tendency to have many local optima. Nair and Hinton [12]
address this problem by pretraining the deep model, which
is called “greedy layerwise training.” Recently, Bianco et al.
[13] present a recognition pipeline specifically for logo using
deep learning, which is composed of a logo region proposal
followed by a CNN.

Considering that the methods adopting a CNN model
have shown good performance in image style classification
as well when pretrained modes are sufficiently fine-tuned, in
this paper, we propose a mechanism that makes full use of
both the advantages of fine-tuning CNN models and tradi-
tional pattern recognition algorithms for logo classification
task. Specifically, we firstly fine-tune several of important
deep learning models to obtain the logo representations and
then combine the learned logo representations into tradi-
tional classification algorithms. Due to the limited amount of
training data available for logo task, the deepmodels work on

networks pertained on other large-scale image datasets. The
contribution of this work is twofold:

(1) We build a publicly available logo dataset (named
Logo-405), which can be shared in the research of
logos.

(2) We present a logo classification mechanism that
combines both the advantages of deep hierarchical
convolutional neural networks and traditional pattern
recognition algorithms.

The remainder of this paper is organized as follows: Sec-
tion 2 provides a description of the proposedmechanism; the
experimental results and analysis are presented in Section 3;
and Section 4 concludes this paper.

2. Proposed Approach

2.1. Overview. Figure 1 illustrates an overall workflow of the
proposed scheme. It contains two stages; they are (1) feature
learning phase, in which several deep representations for
each logo are obtained by fine-tuning four popular deep
convolutional network architectures and (2) classification
phase, where the logo classification task is carried out by com-
bining both the learned deep representations and traditional
classification algorithms.

The proposed scheme combines both advantages of con-
volutional neural network in feature learning and traditional
classification algorithm. During which four popular deep
convolutional neural network architectures are firstly fine-
tuned on our logo dataset (i.e., Logo-405) and one publicly



Complexity 3

Image

Conv 1
num: 96

kernel size: 11
stride: 4
pad: 0

Pool 1
kernel size: 3

stride: 2

Conv 2
num: 256

kernel size: 5 
stride: 1
pad: 2

Pool 2
kernel size: 3

stride: 2

Conv 3
num: 384

kernel size: 3 
stride: 1
pad: 1

Conv 4
num: 384

kernel size: 3 
stride: 1
pad: 1

Conv 5
num: 256

kernel size: 3 
stride: 1
pad: 1

Pool 5
kernel size: 3

stride: 2
FC6 FC7 FC8

Figure 2: Network architecture of AlexNet [14].

FC

Inception 3a Inception 4d Inception 4e

Inception 3b Inception 4c Inception 5a

Inception 4a Inception 4b Inception 5b

Pool 5
kernel size: 7

stride: 1
pad: 0

Pool 2
kernel size: 3

stride: 2
pad: 0

Conv 2
num: 192

kernel size: 3
stride: 1
pad: 1

Conv 2_reduce
num: 64

kernel size: 1
stride: 1

Pool 1
kernel size: 3

stride: 2

Conv 1
num: 64

kernel size: 7
stride: 2
Pad: 3

Image

Figure 3: Fine-tuned network architecture of GoogleNet [15].

Image

Conv 1_1
num: 64

kernal size: 3
stride: 1

Conv 1_2
num: 64

kernal size: 3
stride: 1

Pool 1
kernel size: 2 

stride: 2

Conv 2_1
num: 128

kernal size: 3
stride: 1

Conv 2_2
num: 128

kernal size: 3
stride: 1

Pool 2
kernel size: 2 

stride: 2

Conv 3_1
num: 256

kernal size: 3
stride: 1

Conv 3_2
num: 256

kernal size: 3
stride: 1

Conv 3_3
num: 256

kernal size: 3
stride: 1

Pool 3
kernel size: 2

stride: 2

FC8 FC7 FC6
Pool 5

kernel size: 2 
stride: 2

Conv 5_3
num: 512

kernal size: 3
stride: 1

Conv 5_2
num: 512

kernal size: 3
stride: 1

Conv 5_1
num: 512

kernal size: 3
stride: 1

Pool 4
kernel size: 2 

stride: 2

Conv 4_3
num: 512

kernal size: 3
stride: 1

Conv 4_2
num: 512

kernal size: 3
stride: 1

Conv 4_1
num: 512

kernal size: 3
stride: 1

Figure 4: Fine-tuned network architecture of VGGNet [16].

available FlickrLogos-32 dataset, respectively. After that, four
different deep representations are obtained for each logo
image. Then, these learned deep representations are used to
differentiate logo categories by training traditional classifica-
tion models.

2.2. Transfer Learning by Fine-Tuning Deep CNNs. Convo-
lutional neural networks (CNNs) [17] have been proven to
be able to achieve great success in computer vision tasks,
especially visual feature extraction.

Deep architectures of CNNs, called “deep convolutional
neural networks (DCNNs),” have made much success in
the ImageNet Large-Scale Visual Recognition Challenge
(ILSVRC). There are several popular models for deep con-
volutional network architectures, including AlexNet [14],
GoogleNet [15], VGGNet [16], and ResNet [18].

The early layers of these DCNNs are trained with a
large dataset (ImageNet [19] is the common) to extract
generic features. In this work, we use methods that fine-
tune a pretrained model limited by the scale of logo dataset.
Specifically, we use the AlexNet, GoogleNet, VGGNet, and
ResNet implementation, respectively, trained on the Ima-
geNet dataset as the pretrained models. In our transfer
learning approach, as our dataset is relatively small (32,218
images) compared to ImageNet, we suppose fine-tuning the
last layer of the deep models instead of the earlier layers
would improve performance. To be detailed, we fine-tune the
second-to-last layer of the deep models and initialize the last

full connection layer to 405 outputs, corresponding to 405
categories of logo, to avoid training the model from starch
for classification.

Figures 2–5 show details of four fine-tuned network
architectures.

3. Experiments

3.1. Datasets. To evaluate the performance of the proposed
mechanism, two datasets are adopted in the experiments,
including Logo-405 and FlickrLogos-32 [20].

Logo-405 is a logo dataset crawled from Internet. It
contains 405 categories of logos and 32218 logo images are
included in total. To the best of our knowledge, Logo-405 is
the largest logo dataset up to now. Figure 6 illustrates the logo
images that are selected, one from each category.

Another benchmark dataset, named FlickrLogos-32, is
a publicly available collection of logo photos. It contains
32 different logo brands by downloading them from Flickr.
For each class, the dataset offers 10 training data images, 30
validation images, and 30 test images. An example of logo
image of each class from FlickrLogos-32 dataset is illustrated
in Figure 7.

3.2. Baseline Representation Methods. To validate the effec-
tiveness of the proposed classification scheme, we compared
the proposed method with other several baselines, including
global-feature-based approach, local-feature-based method,
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Figure 6: Logo image of each class from Logo-405.

and the models by fine-tuning deep CNNs. They are as
follows:

(i) Global-feature-based representation (GFBR): since the
HSV (hue-saturation-value) space conforms to the
more similarity of human perception, we adopted the
quantized HSV histogram.

(ii) Local-feature-based representation (LFBR): SIFT [21],
as a typical local visual descriptor, has been proved
to be able to capture sufficiently discriminative local
elements with some invariant properties to geometric
or photometric transformations and is robust to
occlusion. We first perform hierarchical k-means

in the training set to form a 10000-centered SIFT
visual vocabulary and then adopt BOW (Bag-of-
Word) technique to build the logo representation.The
SIFT feature description was built followed by [1].

(iii) Fine-tuning AlexNet representation (FTAN): it is a
deep representation of logo image by fine-tuning
AlexNet architecture. For Logo-405 dataset, the train-
ing was performed using stochastic gradient decent
with image batch size of 32 images and the learning
rate was reduced by hand after 54.42K iterations
from an initial setting of 1𝑒−3, while, with respect to
FickrLogos-32, the training was also performed using
stochastic gradient decent with image batch size of
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Figure 7: Logo images of each class from FlickrLogos-32.

32 images and the learning rate was reduced by hand
after 1.89 K iterations from an initial setting of 1𝑒−3.

(iv) Fine-tuning GoogleNet representation (FTGN): it is
a deep representation of logo image by fine-tuning
GoogleNet architecture. For Logo-405 dataset, the
training was performed using stochastic gradient
decent with image batch size of 32 images and the
learning rate was reduced by hand after 54.42K itera-
tions from an initial setting of 1𝑒−3, while, with respect
to FickrLogos-32, the training was also performed
using stochastic gradient decent with image batch size
of 32 images and the learning rate was reduced by
hand after 1.89 K iterations from an initial setting of
1𝑒−3.

(v) Fine-tuning VGG representation (FTVGG): it is a
deep representation of logo image by fine-tuning
VGG architecture. For Logo-405 dataset, the training
was performed using stochastic gradient decent with
image batch size of 32 images and the learning
rate was reduced by hand after 54.42K iterations
from an initial setting of 1𝑒−3, while, with respect to
FickrLogos-32, the training was also performed using
stochastic gradient decent with image batch size of
32 images and the learning rate was reduced by hand
after 1.89 K iterations from an initial setting of 1𝑒−3.

(vi) Fine-tuning ResNet representation (FTRN): it is a
deep representation of logo image by fine-tuning
ResNet architecture. For Logo-405 dataset, the train-
ing was performed using stochastic gradient decent
with image batch size of 8 images and the learning
rate was reduced by hand after 217.59 K iterations
from an initial setting of 1𝑒−3, while, with respect to

FickrLogos-32, the training was also performed using
stochastic gradient decent with image batch size of
8 images and the learning rate was reduced by hand
after 7.56K iterations from an initial setting of 1𝑒−3.

(vii) Deep architecture in [13]: it is a CNN network archi-
tecture specifically trained on FickrLogos-32 for logo
classification.

3.3. Experiment Setup. For GFBR, considering that color is
one of the most dominant and distinguishable global visual
feature when describing an image, we define it in terms of a
histogram in the quantized hue-saturation-value (HSV) color
space with 256 components (H = 16 bins, S = 4 bins, and V =
4 bins).

With regard to LFBR, as previously described, the SIFT
was extracted from each logo image and treated as local
features. When carrying out LFBR in our task, all the
SIFT features were quantized into 10,000 visual words using
hierarchical k-means clustering technique.

With respect to the deep representations, the hyper
parameter setting used in deep architecture is elaborated
as in Section 3.2. Other parameters are adopted as their
propositional setting value in [14–16, 18].

For classification algorithms, many classical models and
their variants have been proposed, such as SVM [22, 23]
and ensemble classifier [23]. In our experiments, 10-fold
cross validation was conducted by adopting three classical
classifiers, including kNN, random forest, and SVM.

Based on the experimental results of 10-fold cross vali-
dation, the performance of each strategy was measured by
evaluating the mean average accuracy (MAA) and stand
deviation (SD).
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Table 1: Classification results by adopting fine-tuning deep CNN architectures.

(%) FTAN FTGN FTVGG FTRN
MAA 77.9084 82.3639 84.9192 84.8881
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Figure 8: The training process of FTAN.
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Figure 9: The training process of FTGN.

3.4. Experimental Result and Analysis on Logo-405. In this
section, the results conducted on Logo-405 dataset by using
three typical classifiers were reported, sequentially.

3.4.1. Results by Deep Architectures. We firstly listed the clas-
sification results by adopting fine-tuning deep architectures,
as shown in Table 1.

The learning rate curves for the test accuracy and training
loss of four fine-tuning CNNs were demonstrated in Figures
8–11, where the blue curve indicates the training loss rate and
the red curve indicates the test accuracy.

As can be seen, in general, FTVGG achieved convergence
faster than three others. In terms of test accuracy, all of them
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Figure 10: The training process of FTVGG.
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Figure 11: The training process of FTRN.

produced a dramatic increase at first, followed by a slight
increase, and reached a steady state finally.

3.4.2. Classification Results by Combining Deep Representation
and Traditional Classifiers. We conducted the classification
tasks by combining deep representations and traditional
classifiers. In this work, we adopted three typical classifiers,
that is, kNN, random forest, and SVM. Since there are four
deep representations obtained by fine-tuning deep CNN
architectures, totally twelve different experimental combina-
tions are produced.
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Table 2: Classification comparison on SVM classifier with several strategies.

Approaches MAA (%) SD
GFBR 22.9685 0.8023
LFBR 65.8460 0.9976
FTAN + SVM 92.4142 0.3392
FTGN + SVM 91.0578 0.5200
FTVGG + SVM 95.9215 0.3597
FTRN + SVM 89.3848 0.5858

10
20
30
40
50
60
70
80
90

100

M
ea

n 
av

er
ag

e a
cc

ur
ac

y 
(%

)

1 98765432 10 11 12 13 14 15
k

GBFR + kNN
LFBR + kNN
FTAN + kNN

FTGN + kNN
FTVGG + kNN
FTRN + kNN

Figure 12: kNN classification performance comparison between
different strategies.

(1) Results by Combining Deep Representation and kNN
Classifier. We conducted the kNN classification task with
GFBR, LFBR, FTVGG + kNN, FTGN + kNN, FTAN + kNN,
and FTRN + kNN in terms of 15 different values of k (the
number of the nearest-neighbors), which differs from 1 to 15.

Figure 12 provides a graphical display of the experimental
results with different representation strategies under different
values of 𝑘. Both the MAA and SD of accuracy are illustrated
in the results.

The results of Figure 12 demonstrate that (1) the
approacheswhich combine both fine-tuning deep representa-
tion and kNN classier, that is, FTVGG + kNN, FTGN + kNN,
FTAN+ kNN, and FTRN+ kNN, consistently outperform the
methods that adopt hand-crafted features, including GFBR
and LFBR and (2) nearly all the strategies are not sensitive to
the value of k, especially when 𝑘 is greater than 4.

(2) Results by Combining Deep Representation and Random
Forest Classifier. This section provides experimental results
conducted on a random forest classifier with different strate-
gies, that is, GFBR, LFBR, FTVGG + random forest, FTGN +
random forest, FTAN + random forest, and FTRN + random
forest. Experiments were carried out with 20 values of nTree
(the number of trees for random forest classifier), differing
from 10 to 200.

Figure 13 provides a graphical display of the experimental
results with different representation strategies under different
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Figure 13: Random forest classification performance comparison
between different strategies.

values of nTree, where RF indicates random forest classifier.
Similarly, both the MAA and SD of accuracy are illustrated
in the results.

We notice that (1) with respect to all the strategies,
the performance apparently tends to be better when nTree
increases and (2) the performance of the approaches that
combine fine-tuning deep representation and random forest
classifier, that is, FTVGG + random forest, FTGN + random
forest, FTAN + random forest, and FTRN + random forest, is
significantly superior to LFBR and GBFR.

(3) Results by Combining Deep Representation and SVM Clas-
sifier. This section provides experimental results conducted
on SVM classifier with different strategies, that is, GFBR,
LFBR, FTAN + SVM, FTGN + SVM, FTVGG + SVM, and
FTRN + SVM.

Table 2 lists the experimental results with different repre-
sentation strategies. Both the MAA and SD of accuracy are
also illustrated in the results.

Similar conclusion can be drawn from Table 3 where
the performance of the approaches that combine fine-tuning
deep representation and SVM classifier, that is, FTAN +
SVM, FTGN + SVM, FTVGG + SVM, and FTRN + SVM,
is significantly superior to LFBR and GBFR.

Lastly, we conclude this section by reporting the best
performance of each strategy to compare three groups of
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Table 3: The comparison between different strategies at their best performance.

FTAN FTAN + kNN FTAN + RF FTAN + SVM
77.9084 83.3292 83.9748 92.4142
FTGN FTGN + kNN FTGN + RF FTGN + SVM
82.3639 87.7491 85.2070 91.0578
FTVGG FTVGG + kNN FTVGG + RF FTVGG + SVM
84.9192 92.6811 92.9046 95.9215
FTRN FTRN + kNN FTRN + RF FTRN + SVM
85.3234 85.3964 82.4291 89.3848

GFBR + kNN GFBR + RF GFBR + SVM
18.1854 34.7383 22.9685

LFBR + kNN LFBR + RF LFBR + SVM
37.8982 51.8752 65.846

strategies, including the approaches that adopt fine-tuning
deep CNNs (i.e., FTAN, FTGN, FTVGG, and FTRN), the
methods which combine fine-tuning deep architectures and
traditional classifiers (i.e., FTVGG + kNN, FTGN + kNN,
FTAN + kNN, FTRN + kNN, FTVGG + random forest,
FTGN + random forest, FTAN + random forest, FTRN +
random forest, FTAN+ SVM, FTGN+ SVM, FTVGG+ SVM,
and FTRN + SVM), and those strategies employing hand-
crafted features (i.e., GFBR, LFBR). The comparison results
are shown in Table 3, where RF represents random forest
classifier.

We have the observations from Table 3 that the proposed
mechanisms that combine fine-tuning deep architectures and
traditional classifiers demonstrate the superiority compared
with other two groups of approaches, including the ones that
adopt fine-tuning deep architectures and hand-crafted ones.
The proposed classification mechanism specially obtains
5.4%, 6.1%, and 14.5% improvement on kNN, random forest,
and SVM, respectively, towards FTAN strategy. For FTGN, it
obtains 5.4%, 2.8%, and 8.7% when combining kNN, random
forest, and SVM, respectively. With regard to FTVGG, it
improves 7.8%, 8.0%, and 11% on kNN, random forest, and
SVM, respectively. However, there is little improvement for
FTRN when combining traditional classifiers. For example,
FTRN+SVM improves 4.1%while FTRN+ kNNobtains only
0.1% improvements.

With respect to the three classifiers used in the experi-
ments, we observe that SVM outperforms kNN and random
forest in nearly all tasks. Several factors may have contributed
to this result. First, Logo-405 is of the high-dimensional
representation, where the feature dimension of each logo is
as high as 4096 in our deep representation strategies. Second,
Logo-405 belongs to small sample size data compared with
other large-scale datasets, for example, ImageNet [19]. Last,
Logo-405 is of balanced data to some extent, in which each
class consists of several tens to a hundred of logo images. We
know that SVM works well for such kind of data, while kNN
and random forest do not.

3.5. Experimental Result and Analysis on FlickrLogos-32.
In this section, we evaluated the proposed mechanism on
FlickrLogos-32 [20]. The experimental results conducted

Table 4: Classification results by adopting fine-tuning deep archi-
tectures.

(%) FTAN FTGN FTVGG FTRN
MAA 82.5893 90.1786 91.5179 92.8571

on Logo-405 dataset by using three typical classifiers are
reported, sequentially.

3.5.1. Results by Fine-Tuning Deep Architectures. We also
firstly listed the classification results by adopting fine-tuning
deep architectures, as shown in Table 4.

The learning rate curves for the test accuracy and training
loss of four fine-tuning CNNs were demonstrated in Figures
14–17, where the blue curve indicates the training loss rate and
the red curve indicates the test accuracy.

As can be seen from the above results that the training
process on FlickrLogos-32 obtains faster convergence com-
pared with Logo-45 probably because of its smaller size.
In general, FTRN achieved convergence a litter slower than
three others. In terms of test accuracy, all of them produced a
dramatic increase at first, followed by small fluctuation, and
reached a steady state finally.

3.5.2. Classification Results by Combining Deep Represen-
tation and Traditional Classifiers. Similarly, we conducted
the classification tasks by combining deep representations
and traditional classifiers. In this work, we adopted three
typical classifiers, that is, kNN, random forest, and SVM.
Since there are four deep representations by fine-tuning
deepCNNarchitectures, totally twelve different experimental
combinations are produced.

(1) Results by Combining Deep Representation and kNN
Classifier. We conducted the kNN classification task with
GFBR, LFBR, FTVGG + kNN, FTGN + kNN, FTAN + kNN,
and FTRN + kNN in terms of 15 different values of k (the
number of the nearest-neighbors), which differs from 1 to 15.

Figure 18 provides a graphical display of the experimental
results with different representation strategies under different
values of 𝑘. Both the MAA and SD of accuracy are illustrated
in the results.
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Figure 14: The training process of FTAN.
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Figure 15: The training process of FTGN.

The results of Figure 18 demonstrate that (1) the
approaches that combine both fine-tuning deep representa-
tion and kNN classier, that is, FTVGG + kNN, FTGN + kNN,
FTAN + kNN, and FTRN + kNN, consistently outperform
the methods that adopt hand-crafted features, like GFBR and
LFBR and (2) nearly all the strategies are not sensitive to the
value of k, especially when 𝑘 is greater than 3.

(2) Results by Combining Deep Representation and Random
Forest Classifier. This section provides experimental results
conducted on a random forest classifier with different strate-
gies, that is, GFBR, LFBR, FTVGG + random forest, FTGN +
random forest, FTAN + random forest, and FTRN + random
forest. Experiments were carried out with 20 values of nTree
(the number of trees for random forest classifier) differing
from 10 to 200.

Figure 19 gives a graphical display of the experimental
results with different representation strategies under different
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Figure 16: The training process of FTVGG.
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Figure 17: The training process of FTRN.
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Figure 18: kNN classification performance comparison between
different strategies.
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Table 5: Classification comparison on SVM classifier with several
strategies.

Approaches MAA (%) SD
GFBR 19.9107 2.6133
LFBR 72.1875 1.4888
FTAN + SVM 94.3304 1.3151
FTGN + SVM 94.7768 1.4125
FTVGG + SVM 98.1250 0.6243
FTRN + SVM 97.4554 1.0741
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Figure 19: Random forest classification performance comparison
between different strategies.

values of nTree. Similarly, both the MAA and SD of accuracy
are illustrated in the results.

We find that, (1) with respect to all the strategies, the per-
formance apparently tends to be better when nTree increases
and (2) the performance of the approaches that combine fine-
tuning deep representation and random forest classifier, that
is, FTVGG + random forest, FTGN + random forest, FTAN
+ random forest, and FTRN + random forest, is significantly
superior to LFBR and GBFR.

(3) Results by Combining Deep Representation and SVM Clas-
sifier. This section provides experimental results conducted
on SVM classifier with different strategies, that is, GFBR,
LFBR, FTAN + SVM, FTGN + SVM, FTVGG + SVM, and
FTRN + SVM.

Table 5 provides the experimental results with different
representation strategies. Both the MAA and SD of accuracy
are also illustrated in the results.

Similar conclusion can be draw from Table 5 where the
performance of the approaches that combine fine-tuning
deep representation and random forest classifier, that is,
FTAN + SVM, FTGN + SVM, FTVGG + SVM, and FTRN
+ SVM, is significantly superior to LFBR and GBFR.

Lastly, we conclude this section by reporting the best
performance of each strategy to compare three groups of
strategies; they are (1) the approaches that adopt fine-tuning
deep architectures (i.e., FTAN, FTGN, FTVGG, FTRN, and
themethod proposed by Bianco et al. in [13]), (2) themethods
which combine fine-tuning deep architectures and traditional
classifiers (i.e., FTVGG + kNN, FTGN + kNN, FTAN + kNN,
FTRN + kNN, FTVGG + random forest, FTGN + random
forest, FTAN + random forest, FTRN + random forest, FTAN
+ SVM, FTGN + SVM, FTVGG + SVM, and FTRN + SVM),
and (3) those strategies employing hand-crafted features (i.e.,
GFBR, LFBR). The results are shown in Table 6, where RF
represents random forest classifier.

We have the observations from Table 6 that the pro-
posed classification mechanisms which combine fine-tuning
deep architectures and traditional classifiers demonstrate the
superiority compared with other two groups of approaches,
including the ones that adopt fine-tuning deep architec-
tures and hand-crafted ones. The proposed scheme specially
obtains 8.5%, 10.7%, and 11.7% improvements on kNN,
random forest, and SVM, respectively, towards FTANstrategy.
With respect to FTGN, it obtains 3.9%, 3.3%, amd 4.6%
when combining kNN, random forest, and SVM, respectively.
Regarding FTVGG, it improves 5.9%, 6.6%, and 6.6% on
kNN, random forest, and SVM, respectively, while, with
regard to FTRN, it can achieve 4.6%, 4.4%, and 4.6%
improvements when combining kNN, random forest, and
SVM, respectively. Compared to the method presented by
Bianco et al. [13], the proposed mechanism obtains the
improvement up to 7.125%.

4. Conclusion

With the amount of logo data on the Internet continuing
to grow, designing effective management tools and systems
is becoming imperative. This paper focuses on developing a
fundamental tool for organizing logos by classifying them,
which could make browsing and searching for logos more
efficient.We design a combinationmechanism that integrates
both the advantages of deep learning models and traditional
classification algorithms. Specifically, we firstly obtain the
logo representations by fine-tuning several important deep
architectures and then combine the learned logo repre-
sentations with several traditional classifiers to carry out
the logo classification task. While deep learning requires a
large amount of data for training, we manage to achieve a
high level of accuracy with a small-scale training set using
transfer learning. Meanwhile, we build a Logo-405 dataset,
which is larger than the existing logo datasets and can be
publicly available. Experiments were conducted on both the
Logo-405 dataset and FlickrLogos-32 dataset, and the results
demonstrated that the proposed combination mechanism
can effectively support logo classification and achieve better
performance compared with other approaches, including the
methods which integrate hand-crafted features and tradi-
tional pattern recognition algorithms and the models which
employ deep CNNs.
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Table 6: The comparison between different strategies at their best performance.

FTAN FTAN + kNN FTAN + RF FTAN + SVM
82.5893 91.1161 93.2589 94.3304
FTGN FTGN + kNN FTGN + RF FTGN + SVM
90.1786 94.1071 93.4821 94.7768
FTVGG FTVGG + kNN FTVGG + RF FTVGG + SVM
91.5179 97.4107 98.0804 98.1250
FTRN FTRN + kNN FTRN + RF FTRN + SVM
92.8571 97.4107 97.2321 97.4554
Bianco et al. [13] GFBR + kNN GFBR + RF GFBR + SVM
91.0000 12.4107 35.625 19.9107

LFBR + kNN LFBR + RF LFBR + SVM
16.2946 74.1518 72.1875
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Early detection of Lobesia botrana is a primary issue for a proper control of this insect considered as the major pest in grapevine. In
this article, we propose a novel method for L. botrana recognition using image data mining based on clustering segmentation with
descriptors which consider gray scale values and gradient in each segment.This system allows a 95 percent of L. botrana recognition
in non-fully controlled lighting, zoom, and orientation environments. Our image capture application is currently implemented in
a mobile application and subsequent segmentation processing is done in the cloud.

1. Introduction

The grapevine moth or Lobesia botrana (Lepidoptera: Tor-
tricidae) is an invasive insect species considered as one of
the most damaging pests in vineyards (Vitis vinifera L.) [1].
Vineyards damage is caused by direct larval feeding inside
grape berries, producing rot and dehydration, inducing low-
ers productive yields and increasing the susceptible to other
diseases such as gray and black mold (Botrytis cinerea and
Aspergillus niger) [2, 3]. The L. botrana is widely distributed
in Europe and is considered as a major grapevine pest since
the twentieth century. In South America, L. botrana was first
detected inChile, in the area of Linderos,metropolitan region
in April, 2008 [4]. Today, L. botrana is spread to all grape
growing regions of Chile.

L. botranamanagement has become particularly relevant
in Chile due to the potential economical impact as the main
grape exporter worldwide. The moth control is performed
using traps containing pheromones which attracts the moth
males [5].These traps are located on vineyards within an area
formed of radius of 500 meters from a detected outbreak [6].
Currently, there are about 33.000 traps distributed through-
out Chile for the specific control of L. botrana. To calibrate
and verify moth growth models, in order to take measures

focused on the vineyards with outbreaks, it is needed to have
information on the number of moths caught in each trap,
in different time windows. However, the collection of this
information is done manually, making the system costly in
terms of time and not allowing to perform real-time actions
on these vineyards. Therefore, it is needed to have a control
system for automatically detection of L. botrana, to estimate
the real number of the moths and to store the information
associated with each trap for epidemiological studies. Given
the number of traps and images captured, the system must
have the ability to recognize specimens of L. botrana in
large volumes of images. Additionally, because the jobs are
executed in a specific period of the day, it is useful to manage
the computing capacity according to demand.

One of the most satisfactory image recognition systems
rely on binary classification using a sliding window approach.
However, the sliding window approach strongly increases
the computational cost, because the classifier function has
to be evaluated over a large set of candidate subwindows
[7]. Considering the need for massive image processing
for the recognition of L. botrana specimens, this article
proposes a novel method through a mobile application that
captures images using a cell phone camera, together with
an algorithm based on image segmentation, which performs
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fast and automatic recognition of L. botrana specimens. The
algorithm is based on using the 𝑘-means clustering technique
together with gray scale and gradient descriptors to perform
the classification [8]. Because the normal operation of the
L. botrana recognition system may need to process over
30,000 images per day, a distributed version of the algorithm
was implemented using Apache Spark as a distribution
framework.

Experiments were performed where a version of the
algorithm was evaluated using sliding window with the
version that uses segmentation.The experiments evaluate the
quality of the recognition and the execution times of both
algorithms. For the algorithm that uses segmentation, we also
evaluated the scalability of the distributed version.The results
show that the segmentation algorithm has improvements to
the execution time and the quality of the recognition with
respect to the one that uses sliding window. The remainder
of this paper is organized as follows. In Section 2 we present
relatedwork in agriculture and segmentation.The application
that captures the images and stores them in the database is
described in Section 3. A brief description of the distribution
framework is done in Section 4. Section 5 describes the details
of the segmentation algorithm together with its distributed
version. Finally results and conclusions are described in
Sections 6 and 7.

2. Related Work

2.1. Computer Vision in Agriculture. Computer vision has
been used in agriculture and food processing over the last
decades, with the aim to automate a variety of processes such
us quality inspection, classification, and sorting of products
[9]. The idea was to replace traditional manual operations
that are labor intensive, slow, and prone to human error
[10]. Despite the significant advances over the past decade,
the creation of new algorithms, new paradigms, and new
challenges to processing big complexity data allows applying
computer vision research in real world problems, with a
particular focus in agriculture [11–14].

One of these challenges is the application of image
segmentation techniques, which separates the product region
from background in image processing. It is one of the first
steps in image analysis after the image capture to subdivide
an image into meaningful regions. The segmentation result
affects the subsequent image analysis. Image segmentation
techniques in agriculture have been applied to the estimation
of product size [15], shape [16], sorting [17], weed detection
for site-specific treatment [18], and ground classification [19].

Another important area of research in the field of com-
puter vision and agriculture has been the application of
deep learning techniques [20–22]. This machine learning
technique is based on the concept of neural networks and
convolution to learn image features automatically by repeated
training, error propagation, and incremental learning [20,
23–25]. Some deep learning architectures have been tested
to identify moths and other insect pictures using images
obtained mainly in laboratory conditions with great success
[26–30].

2.2. Segmentation Techniques. In the next section we present
the main image segmentation techniques currently being
used.

(1) Edge Based Image Segmentation. Edge detection includes a
variety of mathematical methods that is aimed at identifying
points in a image at which the brightness changes sharply or
has discontinuities. Using spectral methods and watershed
morphological algorithms in [31], a segmentation framework
based on edge detection was proposed. In [32] an edge
detection based on illumination invariant feature detector
phase congruencywas proposed.The authors show that use of
phase congruency formarking features has significant advan-
tages over gradient-based methods. In [33] an edge based
auto threshold select method to generate multiscale image
segmentation was proposed. Band weight and Normalized
Difference Vegetation Index (NDVI) are used to calculate
edge weight.

(2) Threshold-Based Image Segmentation. In classical thresh-
old image segmentation, an image is usually segmented
and simply sorted to object and background by setting a
threshold. But if there is complex information in the image,
the threshold is not simple to obtain. An important line of
research in threshold-based image segmentation has been
to design algorithms that allow obtaining the optimum
threshold. For example, in [34] a method to detect threshold
based on entropy and applied to images in scale of grays
was developed. Histograms were used in [35] to address the
automatic detection of a threshold. In [36] a threshold-based
level set approach including threshold-based segmentation
and fast marching method was proposed. It was applied
to medical image segmentation. In [37] they presented a
new threshold segmentationmethod based on computational
intelligence to improve the acquisition of images process in
computer vision.

(3) Partial Differential Equation Based Image Segmentation.
One way to perform segmentation is to detect the contours
of the objects lying in the original image. The main idea
of the PDE model is to translate the problem of segment
objects into minimizing an energy function of a close curve.
In literature there are numerous examples that apply PDE to
segmentation. In [38] a variation model is presented using
4th-order PDE with 2nd-order PDE for the removal of finger
vein image. In [39] a new segmentationmodel was used based
on the geodesic contourmodel applied to color images. Anew
nonlinear partial differential equation (PDE) applied to gray
images was proposed by [40].

3. Image Capture Application

A mobile and web application was developed in order to
capture images and report relevant information to users.
Figures 1 and 2 show screen shots for the mobile and web
application. The mobile application is a native Android app.
Imageswhere taken on-fieldwhere traps hang, recordingGPS
position and date time of the capture. The image is then
uploaded via cellular network (or Wi-Fi if available) to a
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Figure 1: Mobile application.

Figure 2: Web application.

cloud server to be processed. After processing, the image is
displayed at the web application to an expert entomologist in
order to asses the moth count and take action based on the
pest situation for that specific place.

Figure 3 depicts the steps for capturing a trap image. First
the trap must be opened and the sticky grid side must be
placed facing forward to the capturing device. This device
can be a cellular phone with a camera or a regular digital
camera. Some traps have a triangular shape (delta traps) or a
box shape. For some traps its sticky side has no grid, as shown
in the example picture in Figure 3.

During September 2016 until February 2017, 50 traps
where deployed between V, VI, VII, and metropolitan
regions. A total of 26 users generated more than 400 on-field
images. Figure 4 shows trap locations across V, VI, VII, and

metropolitan regions. These traps were visited regularly once
a week and a picture was obtained each time. Figure 5 shows
example of images obtained on-field using the developed
mobile application.

4. Spark Distributed Framework

This section describes the main concepts of the distributed
Spark framework.This framework will be used in Section 5.4
for the distributed version implementation of the segmenta-
tion algorithm. Distributed implementation aims to address
the problem of large volumes of images.

In recent years the amount of available data has increased
significantly [41]. This is mainly due to the simple and
inexpensive storage process. However, this amount of data is



4 Complexity

Open trap

Trap

Remove
bottom tray

Sticky grid

Sticky grid

Front view
Example

Example

Lateral view

Sticky grid side

Opened trap

Camera
capture area

Cell phone or
camera

Figure 3: Image capture diagram.

Figure 4: Deployment map between V and VII regions for 50 traps,
Chile. Source: Google Maps.

useless without an adequate process of extraction of knowl-
edge where we use machine learning methods. This volume,
diversity, and complexity [42] of the data brings challenges
to researchers, because traditionalmachine learningmethods
can not deal with this situation. Cloud-based technologies
provide an ideal environment to handle the data challenge.
A pioneer in addressing this problematic of massive and
complex data was the MapReduce Framework [43]. This

framework is based on the principle of locality of the
data [44] which is implemented in a distributed filesystem.
However, MapReduce is insufficient for applications that
need to share data through multiple steps, or for iterative
algorithms [45]. Many platforms for large-scale processing
have recently emerged to overcome the issues presented by
Hadoop MapReduce. Among them, Spark [46] appears as
one of the most flexible and powerful engines to perform
faster distributed computing in big data by using in-memory
primitives.

Spark is a state of the art framework for high performance
parallel computing designed to deal with iterative procedures
that recursively perform operations over the same data.
This has been used in machine learning algorithms [47],
imaging processing [48], bioinformatics [49], computational
intelligence [50], astronomy [51], medical information [52],
and so on.

Spark was born as an in-memory cluster computing
framework for processing and analyzing large amounts of
data. It provides a simple programming interface, which
enables an application developer to easily use the CPU,
memory, and storage resources across a cluster of servers for
processing large datasets in memory [46].

Spark has been positioned quickly as a general pur-
pose platform. It provides a unified integrated platform
for different types of data processing jobs. It can be used
for batch processing, iterative process, interactive analysis,
stream processing, machine learning, and graph computing.

Resilient Distributed Datasets (RDDs) are the core data
units in Spark. These units are distributed and immutable;
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Figure 5: Captures images examples.

that is, the transformation of RDDs is RDDs and fault-
tolerant memory abstraction. There are two types of opera-
tions: transformations, which take RDDs and produce RDDs,
and actions, which take RDDs and produce values. Various
cluster management options can be used for run Spark,
from simple Spark’s standalone solutions, ApacheMesos, and
Hadoop YARN [53].

Considering engineering applications we choose to use
theHadoopYARNmanagement.HadoopYARN,most recent
implementation, uses cloud computing [54] which makes
hundreds of machines provide services such as computing
and storage on demand. Generally in-house implementations
require large investments in hardware, software, and mainte-
nance [54].

5. Algorithm

This section aims to describe the segmentation algorithm.
First, a general descriptionwill be presented and thendetailed
by modules. The last section contains the distributed version
of the algorithm.

Figure 6 shows the flowchart that allows constructing
the classifier for L. botrana moths. As a dataset we consider
360 images obtained through the application described at
Section 3. The 360 images correspond to three groups of 120
images each with resolutions 1280 × 720, 1920 × 1080, and2048 × 1536. 100 images are left to perform validation. For
each one of the images a preprocessing, then a segmentation,
and finally the generation of the descriptors that allow
performing the training for the SVMclassifier are applied. For
the classifier training, a set of 5018 segments without moths
and 2136 segments with moths were selected.

Additionally with the goal of evaluating the segmentation
algorithm with respect to the recognition of L. Botrana
we compared the performance to different elements usually
glued on the sticky floor of the trap like other insects, leaf
pieces, and equipment used in the trap.With this purpose, we
analyzed 5018 segments without moths and a subset of 1325
segments containing elements other than the bottom of the
trap were extracted.

5.1. Preprocessing Stage. As the first activity of the prepro-
cessing stage, a Median Filter is used with the intention of
removing particles of dust and brightness that appear at the
photographs. An example is shown in Figure 7.The filter used
was a 4 × 4 matrix where each pixel has the same weight.
Subsequently an equalization is applied using the Con-
trast Limited Adaptive Histogram Equalization (CLAHE)
algorithm. This algorithm uses histograms computed over
different tile regions of the image. Local details can therefore
be enhanced even in regions that are darker or lighter than
most of the image. Then we apply 3 scaling ratios to the
image: 0.75, 0.5, and 0.25.These scaling steps aim to consider
that photographs can be taken at different distances from
the cell phone. To perform the scaling, nearest-neighbor
interpolation was used. Finally a gray scale conversion was
executed. This conversion uses the ratio 0.3𝑅 + 0.6𝐺 + 0.1𝐵.
5.2.𝐾-Means Segmentation Algorithm. Themain objective of
the project is to recognize L. botrana moths. A fundamental
stage corresponds to the segmentation of moths. To perform
the segmentation, each color image is scaled at 0.75, 0.50,
and 0.25 and𝐾-means clustering technique is applied to each
image. In the definition of metric space to be able to apply𝐾-means, the pixel distance shown in (1) and color distance
shown in (2) are used. To achieve the proper segmentation a
trade-off between pixel distance and color distance is realized.
This trade-off is defined in (3). This type of segmentation has
previously been used by [55] in benchmark datasets and in
biomedical applications:

𝑑𝑥𝑦 = √(𝑖𝑥 − 𝑖𝑦)2 + (𝑗𝑥 − 𝑗𝑦)2, (1)

𝑑Lab = √(𝐿𝑥 − 𝐿𝑦)2 + (𝑎𝑥 − 𝑎𝑦)2 + (𝑏𝑥 − 𝑏𝑦)2, (2)

𝐷𝑠 = √(𝑑Lab)2 + (𝑚𝑆 )
2 (𝑑𝑥𝑦)2, where 𝑆 = √𝑁𝐾 . (3)

𝐷𝑠 corresponds to the metric used to perform the seg-
mentation and 𝑆 is a normalizing factor, where 𝑁 is the
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Figure 6: Lobesia botrana recognizer algorithm flow diagram.

(a) (b)

Figure 7: (b) The original image, where powder can interfere with the histogram. (a) The processed image with equalization and median
filter applied; the dust particles disappear.

number of pixels and 𝐾 is the number of segments. The
parameter 𝑚 allows handling the weighting between the
spatial distance and the colors distance. In Figure 8 it is
possible to observe two segmentations. Figure 8(a) uses 𝐾 =500 and Figure 8(b) uses 𝐾 = 1000.

5.3. Descriptors and SVM Classifier. After segmentation was
performed, the next step is to differentiate the segments
containing moths from those that do not include moths.
To achieve this classification, gray scale segments are used.
For each segment two descriptors are defined. The first



Complexity 7

(a) (b)

Figure 8: (a) corresponds to a segmentation considering 500 segments. (b) corresponds to segmentation considering 1000 segments.

descriptor corresponds to the histogram of the gray values
of the segment. The histogram is configured with 10 bins
and each bin is normalized with the amount of pixels that
the segment contains.This generates a 10-dimensional vector
where each dimension has values in the interval [0, 1]. A
second descriptor is obtained as a result of calculating the
histogram on the gradient modulus. This histogram is also
normalized by the total number of pixels in the segment. In
this case the number of bins used is 5.The following steps are
used to calculate the gradient modulus.

(1) Gradient Calculation. A Sobel [56] operator is used. The
complete image, 𝐼, is used to calculate each component of the
gradient in all pixels of the image:

𝐺𝑥 = [[
[
−1 0 1
−2 0 2
−1 0 3

]]
]
∗ 𝐼,

𝐺𝑦 = [[
[
−1 −2 −1
0 0 0
1 2 1

]]
]
∗ 𝐼.

(4)

(2) Calculation of the Gradient Modulus. For all pixels in
image 𝐼 the gradient modulus is calculated according to

𝐺 = √𝐺2𝑥 + 𝐺2𝑦. (5)

(3) Histogram Calculation. The histogram of 𝐺 is calculated
for each segment obtained from the 𝐾-means segmentation
process.

The last step corresponds to the training the classifier.
At training, 5018 segments are used without moths and
2136 segments with moths are considered. A 𝐾-fold cross
validation was performed with 𝐾 = 5 to perform the
parameter adjustment.

5.4. Distributed Algorithm. Due to the estimated volume of
photographs that need to be processed and considering that
the process of segmentation along with the generation of
descriptors corresponds to the one who consumes the most
time, in this section we present a distributed version of the
algorithm for segmentation and generation of descriptors.
This version was designed using the Spark distributed com-
puting framework.

The algorithm can be divided into two main stages: a
segmentation stage and a descriptor generation stage. In the
segmentation stage the algorithm operates on the complete
image. The result of this stage corresponds to a list of
segments.The descriptor generation stage has as input the list
of segments and, for each one of these segments, descriptors
are calculated. The distributed algorithm will address the
distribution of calculations in the segmentation process as
well as the calculation of descriptors in the segment list.

Segmentation Stage. Let us assume that the list of images
has been read from Hadoop distributed file system (HDFS),
used to store images. To perform the reading, the binaryFiles
function is used, generating the corresponding RDD files.
In addition, the list 𝑐 of initial centroids has been obtained,
considering an equidistant distribution for the different
centroids. The distribution process in the segmentation stage
is performed at the pixel and centroid level, where a pixel cor-
responds to the 5-dimensional distance-color vector defined
in (3). The first stage of the segmentation phase is to perform
a mapping shown in Algorithm 1. Each pixel 𝑖 is mapped
to the pair (𝑐𝑙𝑜𝑠𝑒𝑠𝑡𝐶, 𝑖) where 𝑐𝑙𝑜𝑠𝑒𝑠𝑡𝐶 corresponds to the
centroid closest to pixel 𝑖. To perform this operation we use
the Sparkmap transformation.The second stage is to perform
a reducebykey, where the key corresponds to the centroid𝑐𝑙𝑜𝑠𝑒𝑠𝑡𝐶(see Algorithm 2). The vector sum of the pixels is
done in the 5-dimensional space, together with the count
of the pixels associated with the centroid. To perform this
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(1) Input Pixel 𝑖, 𝐿𝑖𝑠𝑡𝐶𝑒𝑛𝑡𝑟𝑜𝑖𝑑𝑠
(2) Output Pixel 𝑖, 𝐶𝑙𝑜𝑠𝑒𝑠𝑡𝐶
(3) for each 𝑐 in 𝐿𝑖𝑠𝑡𝐶𝑒𝑛𝑡𝑟𝑜𝑖𝑑𝑠 do
(4) if 𝐷𝑠(𝑝, 𝑐) < 𝑀𝑖𝑛𝐷𝑖𝑠𝑡 then
(5) 𝑀𝑖𝑛𝐷𝑖𝑠𝑡 ← 𝐷𝑠(𝑝, 𝑐)
(6) 𝐶𝑙𝑜𝑠𝑒𝑠𝑡𝐶 ← 𝑐
(7) end if
(8) end for
(9) return (𝑐𝑙𝑜𝑠𝑒𝑠𝑡𝐶, 𝑖)

Algorithm 1: Map segmentation function.

(1) Input keyValue 𝑐𝑙𝑜𝑠𝑒𝑠𝑡𝐶, Pixel 𝑖
(2) Output 𝑡𝑜𝑡𝑎𝑙, 𝑐𝑜𝑢𝑛𝑡
(3) for each 𝑐 in 𝑐𝑙𝑜𝑠𝑒𝑠𝑡𝐶 do
(4) 𝑡𝑜𝑡𝑎𝑙 ← 𝑡𝑜𝑡𝑎𝑙 + 𝑖
(5) 𝑐𝑜𝑢𝑛𝑡 ← 𝑐𝑜𝑢𝑛𝑡 + 1
(6) end for
(7) return (𝑡𝑜𝑡𝑎𝑙, 𝑐𝑜𝑢𝑛𝑡)

Algorithm 2: ReducebyKey segmentation function.

(1) Input segment 𝑠
(2)Output segment 𝑠, descriptor 𝑑𝑑 ← getDescriptor(𝑠)
(3) return (𝑠, 𝑑)

Algorithm 3: Map descriptor function.

operation, consider the reducebykey action. Finally the value
of the new centroid is updated.

Descriptor Generation Stage. This stage aims to perform the
calculation of the descriptors that allows classification. At
this stage the image is distributed at the segment level. To
perform the distribution amap function is used thatmaps the
segment to the pair (segment, descriptor). Eachmap involves
the calculation on a segment (see Algorithm 3).

6. Results

6.1. Parameters Setting. Considering that each algorithm
involved requires parametrization, in order to find the best
parameters, it was considered to perform a 𝑘-fold cross
validation for each of the combinations shown at the Range
column in Table 1. In the cross validation, 𝐾 = 5 was con-
sidered. As a measure of the best configuration, 𝐹1-score =2((precision∗recall)/(precision+recall))was used. In Table 1,
final column shows the selected value for the configuration
that yields the best accuracy.

In order to have a better clarity of the effect of the seg-
mentation on the classification, the parameter NumSegment
was studied. In order to perform this study, an experiment

Table 1: Segmentation algorithm setting parameters.

Parameters Description Range Final
GridSize CLAHE grid size [8×8, 16×16, 32×32] 16 × 16
clipLimit Clipping limit

histogram [2, 3, 4] 3

Median Filter
Grid

Medium filter grid
size [4 × 4, 5 × 5, 6 × 6] 4 × 4

NumSegment

Number of image
segments for
segmentation
algorithm

[500, 1000, 1500] 1000

𝑚 Distance-color
trade-off [10, 15, 20] 15

𝐶 Penalty parameter 𝐶
SVM [0.1, 1, 10] 1

1000
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Figure 9: Sensitivity-specificity number segment evaluation.

was defined in which the remaining parameters are fixed
considering the value of the final column and 𝐾-fold cross
validation is performed with 𝐾 = 5 considering the values
500, 1000, and 1500 in the parameter NumSegment. For each
cross validation result, the True Positive Rate (TPR) and
the False Positive Rate (FPR) were calculated. The result of
the experiment is shown in Figure 9. It is observed that𝑁𝑢𝑚𝑆𝑒𝑔𝑚𝑒𝑛𝑡 = 1000, represented in blue color, corresponds
to the best result, for the case𝑁𝑢𝑚𝑆𝑒𝑔𝑚𝑒𝑛𝑡 = 500has aworse
TPR performance and 𝑁𝑢𝑚𝑆𝑒𝑔𝑚𝑒𝑛𝑡 = 1500 has a lower
performance for FPR.

6.2. Descriptors Setting. As described at Section 5.3 a descrip-
tor was used that combines a normalized histogram of
gray scale with a normalized histogram using the gradient
modulus. Equation (6) was used in order to determine the
number of bins that best differentiates moth segments from
those that do not contain moths

Histogram Measure = 𝑛∑
𝑖=1

abs (𝐻𝑖 (𝐿) − 𝐻𝑖 (WL)) . (6)
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Figure 10: Gray scale descriptor Lobesia versus that without Lobesia.
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Figure 11: Gradient modulus descriptor Lobesia versus that without
Lobesia.

𝐿 corresponds to the normalized average histogram of the
segments with L. botrana and WL to the normalized average
histogram of the segments without L. botrana. 𝐻𝑖 corre-
sponds to the function that returns the bin 𝑖 of a histogram.
For each bin, the value obtained from the L. botrana segments
is subtracted to the value of segments without L. botrana.
Then themodulus function and the sumon 𝑛bins are applied.
The more alike the histograms are, the closer the Histogram
Measure value is to 0; in our case we seek to maximize the
Histogram Measure value. Ranges between 5 and 12 bins for
the gray scale case and 4 to 10 bins for the gradient module
were verified. The best results obtained after applying (6) are
shown in Figures 10 and 11.

Finally, using the other elements dataset described in
Section 5, we generate normalized average histograms for
Gray andmodulus of gradient. In Figures 12 and 13 the results
are shown. Although the behavior of dataset histograms
without L. botrana differs from histograms obtained by the
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Figure 12: Gray scale descriptor Lobesia versus other elements.
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Figure 13: Gradient modulus descriptor Lobesia versus other
elements.

dataset with other elements, when comparing the latter with
L. botrana histograms, an adequate separation is observed.

6.3. 𝐾-Means Segmentation Algorithm Evaluation. The eval-
uation of the segmentation algorithm was performed using
the 100 images that were not included at the parameters con-
figuration stage. To perform the comparisons an algorithm
was designed using sliding window. When we apply sliding
window, it is assumed that objects have regular appearance
that do not deform much. A database is built with nxm
fixed size windows containing the centered object and others
that do not contain it. This is used to train the classifier.
A nxm window is slid across the entire image and the
classifier is queried if each of these windows contains or not
the object. The sliding algorithm uses the same steps and
configurations as the segmentation algorithm described at
Section 5.2, except in the𝐾-means segmentation stage where
it uses sliding window. The window size was 64 × 64 and the
step size was 8 pixels.
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Table 2: Confusion matrix results.

Scale Segmentation Sliding window
TP TN FN FP TP TN FN FP

1 4336 95174 191 299 4138 94805 389 668
0.75 4337 95120 190 353 4205 94996 322 477
0.50 4269 95062 257 411 4097 95187 430 286
0.25 4285 95082 242 391 4142 95091 385 382
Average 4307 92110 220 363 4145 95020 382 454

Comparisons were focused on the quality of the recogni-
tion as well as the execution speed of the different algorithms.
In the case of the quality evaluation, the recognition for the
rescaled images at 1, 0.75, 0.5, and 0.25 was analyzed. For the
execution of the instances we use a PC running Windows 10,
on an Intel� Core i7-4770 processor with 16GB in RAM and
programmed in Python 2.7.

Table 2 shows the resulting confusion matrix for both
algorithms. It should be noted that the segmentation algo-
rithm was superior to sliding window in all cases. Because
our matrix has unbalanced class distribution, the following
indicators were considered for comparison:

(1) Sensitivity: TP/(TP + FN)
(2) Precision: TP/(TP + FP)
(3) 𝐹1 Score: 2((precision ∗ sencitivity)/(precision +

sencitivity))
(4) Mathews correlation coefficient: (TP ∗ TN − FP ∗

FN)/√(TP + FP)(TP + FN)(TN + FP)(TN + FN).
The segmentation algorithm yielded an average speci-

ficity of 95.1%; in the case of sliding window this was 91.4%.
In the case of the precision indicator, the segmentation
algorithm yielded an average value of 92.2%, and the sliding
windowwas 90.01%.The𝐹1 score yielded by the segmentation
algorithm was 93.65% and in the case of sliding window was
90.76%. Finally for the Matthews coefficient the value was
93.36% for segmentation and 90.41% for sliding windows.

Additionally, a confusion matrix was constructed to
evaluate the performance of the algorithm with respect to
the other elements data (Table 3). This dataset was generated
from the 100 images with 1135 segments containing other
elements. The segmentation algorithm for the case of the
other elements data, obtained an average specificity of 95.15%,
an accuracy of 99.5%, an𝐹1 coefficient of 97.2, and aMatthews
coefficient of 88.1%.

To perform the comparison of execution times, we
considered the three groups of images with resolutions of1280 × 720, 1920 × 1080, and 2048 × 1536. For each of the
images the processing time is obtained and represented by a
box plot shown in Figure 14. In this figure it is observed that
the segmentation algorithm has a better execution time than
sliding window. For the case of the segmentation algorithm
the average time was 31.8 (s) for the group 1280× 720, 51.5 (s)
for the result 1920 × 1080, and 118 (s) for 2048 × 1536. When
using sliding window the time was 316.5, 649.2, and 1515.5
respectively. Finally Figure 15 shows the classification result
for two test images.

Table 3: Confusion matrix results with other elements.

Scale Segmentation
True False

Ground 1 True 4336 191
Truth False 21 1114
Ground 0.75 True 4337 190
Truth False 22 1113
Ground 0.5 True 4269 257
Truth False 17 1118
Ground 0.25 True 4285 242
Truth False 20 1115
Ground Average True 4306.8 220
Truth False 20 1115
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Figure 14: Time comparison using segmentation and sliding win-
dow techniques. Interquartile ranges: 25%, the median and 75% of
the values.

6.4. 𝐾-Means SegmentationAlgorithm Scalability. In the case
of the distributed algorithm the experiments were focused on
measuring its scalability. The algorithm was developed using
Python 2.7 and Spark libraries. It was run on Azure platform
using version 1.5.2 of Spark and Hadoop 2.4.1.

In order to evaluate the algorithm we considered the
resolution, number of images, and different numbers of
executors. As dataset the 360 images used to train and validate
the algorithm were considered. These images were replicated
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Figure 15: Example of processed images.

Table 4: Spark configuration.

num-executors Executor-cores Executor-memory (Gb)
1 3 4
2 3 4
4 3 4
8 3 4
16 3 4

1, 10, and 100 times in order to generate groups of 360, 3600,
and 36000 images. Each group was divided according to their
image resolution. For the scalability test 1, 2, 4, 8, and 16
executors were considered. The relative speed-up by group
and resolution was measured. For the Spark configuration,
three parameters were considered: num-executors which
controls the number of executor requested, executor-cores
property which controls the number of concurrent tasks an
executor can run, and executor-memory which corresponds
to the memory per executor. For the proper use of an
executor it is recommended to use between 3 and 5 cores.The
considered Spark settings are shown in Table 4.

Figure 16 shows the relative speed-up curves for Spark
distributed implementation of segmentation algorithm. The
relative speed-up is calculated with respect to the execution
time obtained when performing the calculation using 1
executor. The blue line corresponds to the perfect result.
Curves show at the three experiments that they continue
delivering speed-up to 16 executors. When over 16 executors
the performance is clearly sublineal. For the dataset with 360
images the deviation from the perfect result on average was
20.6%, for the case of 3600 images 25.6%, and for the case of
36000 images 32.1%. Regarding resolutions, the one that had
the best performance in all cases was the one with the lowest
resolution, but the effect of the resolution was small.

7. Conclusions

In this work we have presented a segmentation algorithm
to perform the early recognition of Lobesia botrana. A
mechanism for the adequate parameter setting selection
and definition of the descriptors that allow classification

was developed. Image capture mobile and web application
was created for Lobesia botrana recognition. The native
Android mobile application takes the images and records the
GPS position and date, making possible the real-time moth
counting.The image recognition systemwas validated during
September 2016 until 2017, in 50 traps deployed in vineyards
between V, VI, VII, and metropolitan region in Chile.

The classifier algorithm developed for L. botrana recog-
nition included a preprocessing step using a median filter
and CLAHE equalization and then a segmentation step using𝐾-means clustering and the generation of two descriptors;
one corresponds to the gray scale segment histogram and the
other obtained calculating the gradient modulus histogram.
A dataset of 360 images was used for classifier construction.

The 𝐾-means segmentation algorithm was evaluated in
comparison with the sliding window approach. The segmen-
tation algorithm was superior to sliding window in quality of
the recognition for the rescaled images at 1, 0.75, 0.5, and 0.25.
The segmentation algorithm yielded an average specificity of
95.1.

A Spark distributed version of the system was developed.
This system allows fast and scalable cloud-computing analysis
of the images, providing an ideal environment for on-
field applications. The scalability of the distributed 𝐾-means
segmentation algorithmwas evaluated.The curves show they
continue delivering speed-up to 16 executors. When over 16
executors the performance is clearly sublineal. For the dataset
with 360 images the deviation from the perfect result on
average was 20.6%, for the case of 3600 images 25.6%, and
for the case of 36000 images 32.1%. The one that had the
best performance in all cases was the one with the lowest
resolution, but the effect of the resolution was small.

Using the additional information of timestamps and GPS
positioning captured by the implemented application, future
work is intended to generate models that allow determining
areas of risk of Lobesia botrana in addition to conditions that
favor the development of the plague. From the point of view
of computer science it is interesting to work in a compu-
tational intelligence algorithm that allows determining the
best parameters setting. This automatic determination of
parameters would allow the algorithm to be easily adaptable
to similar recognition problems.
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Figure 16: Relative speed-up experiments.
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diversity of larval parasitoids of the European grapevine moth
(Lobesia botrana, Lepidoptera: Tortricidae): The influence of
region and cultivar,” Biological Control, vol. 54, no. 3, pp. 300–
306, 2010.

[2] G. Cozzi, M. Pascale, G. Perrone, A. Visconti, and A. Logrieco,
“Effect of Lobesia botrana damages on black aspergilli rot and
ochratoxin A content in grapes,” International Journal of Food
Microbiology, vol. 111, pp. S88–S92, 2006.

[3] M. Fermaud and Z. Giboulot, “Influence of lobesia botrana
larvae on field severity of botrytis rot of grape berries,” Plant
Disease, vol. 76, no. 4, pp. 404–409, 1992.

[4] C. Ioriatti, A. Lucchi, and L. G. Varela, “Grape berry moths in
Western European Vineyards and their recent movement into

the new world,” in Arthropod Management in Vineyards, pp.
339–359, Springer, Dordrecht, The Netherlands, 2012.

[5] C. Ioriatti, G. Anfora, M. Tasin, A. De Cristofaro, P. Witzgall,
and A. Lucchi, “Chemical ecology and management of lobesia
botrana (Lepidoptera: Tortricidae),” Journal of Economic Ento-
mology, vol. 104, no. 4, pp. 1125–1137, 2011.

[6] Servicio Agricola y Ganadero (SAG), Programa nacional de
lobesia botrana. Estrategia 2016-2017, 2016.

[7] C. H. Lampert, M. B. Blaschko, and T. Hofmann, “Beyond
sliding windows: object localization by efficient subwindow
search,” in Proceedings of the 26th IEEE Conference on Computer
Vision and Pattern Recognition (CVPR ’08), pp. 1–8, IEEE, June
2008.

[8] S. Ray and R. H. Turi, “Determination of number of clusters in
k-means clustering and application in colour image segmen-
tation,” in Proceedings of the 4th International Conference on
Advances in Pattern Recognition andDigital Techniques, pp. 137–
143, 1999.

[9] J. F. S. Gomes and F. R. Leta, “Applications of computer vision
techniques in the agriculture and food industry: A review,”



Complexity 13

European FoodResearch andTechnology, vol. 235, no. 6, pp. 989–
1000, 2012.

[10] D.-W. Sun, Computer Vision Technology for Food Quality Evalu-
ation, Academic Press, 2016.

[11] S. Benalia, S. Cubero, J. M. Prats-Montalbán, B. Bernardi,
G. Zimbalatti, and J. Blasco, “Computer vision for automatic
quality inspection of dried figs (Ficus carica L.) in real-time,”
Computers and Electronics in Agriculture, vol. 120, pp. 17–25,
2016.

[12] S. R. Debats, D. Luo, L. D. Estes, T. J. Fuchs, and K. K. Caylor, “A
generalized computer vision approach to mapping crop fields
in heterogeneous agricultural landscapes,” Remote Sensing of
Environment, vol. 179, pp. 210–221, 2016.

[13] J. Ma, D.-W. Sun, J.-H. Qu et al., “Applications of computer
vision for assessing quality of agri-food products: a review of
recent research advances,” Critical Reviews in Food Science and
Nutrition, vol. 56, no. 1, pp. 113–127, 2016.

[14] M. Nagle, I. Kiatkamjon, G. Romano, B. Mahayothee, V.
Sardsud, and J. Müller, “Determination of surface color of “all
yellow” mango cultivars using computer vision,” International
Journal of Agricultural and Biological Engineering, vol. 9, no. 1,
article 42, 2016.

[15] G. P. Moreda, J. Ortiz-Cañavate, F. J. Garćıa-Ramos, and
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Complex systems are a broad concept that comprises many disciplines, including engineering systems. Regardless of their
particular behavior, complex systems share similar behaviors, such as synchronization.This paper presents different techniques for
determining the source of coupling when a set of oscillators synchronize. It is possible to identify the location and time variations
of the coupling by applying a combination of analytical techniques, namely, the source of synchronization. For this purpose, the
analysis of experimental data from a complex mechanical system is presented. The experiment consisted in placing a 24-bladed
rotor under an airflow. The vibratory motion of the blades was recorded with accelerometers, and the resulting information was
analyzed with four techniques: correlation coefficients, Kuramoto parameter, cross-correlation functions, and the recurrence plot.
Themeasurements clearly show the existence of frequencies due to the foreground components and the internal interaction between
them due to the background components (coupling).

1. Introduction

Complex systems are common in engineering, examples
being communication networks, computer networks, and
electronic devices, aswell asmechanical systems such asman-
ufacturing plants, aircrafts, and automobiles. Determining
the dynamic behavior of these mechanical systems requires
the use of advanced analytical techniques. As the number
of elements increases, simple systems evolve into ones that
are more complex. Concepts such as correlation dimension,
Lyapunov exponents, fractal properties, and complex net-
work analysis are some of ideas that are used to determine
dynamic properties. The problem is to identify the source of
synchronization from field data.

In addition to other behavioral characteristics, complex
systems can present synchronization. In most cases, the
system deploys two behaviors: one that is easily identified at
a foreground level and another that remains at background

level [1]. The foreground behavior is seen at frequency
responses with high amplitudes and narrow bands, whereas
the background behavior presents a wide band response
and low amplitudes. The study of synchronization has been
an exciting and interesting problem since Huygens first
wrote about his experiments in 1665 [2]. Peña Ramirez et
al. [3] analyzed Huygens’ experiment, modeling the system
as a lumped mass model, and found that synchronization
depends on the relationship between the masses, the stiffness
of the connecting beam, and the amount of damping in the
system.

Keeffe et al. [4] presented amodel for the analysis of pulse
coupled oscillators. As they described it: in some systems syn-
chronization starts at a certain location and expands form-
ing clusters. They suggested that clusters formed, evolved,
and collapsed. For this purpose, they developed a model
that provides an idea of the physical phenomena and
how clusters evolved into synchronization. They described
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different systems that behave as pulse coupled oscillators.
They presented two types of oscillators, systems with local
coupling and systems with global coupling. There is still a
question how transient dynamics leads to synchronization
[4]. Ulrichs et al. [5] presented the analysis of metronomes
as nonlinear periodic oscillators. The metronomes behave
asymptotically and they show higher dimensional attractors.
Metronomes have the same behavior as Huygens clocks,
and their synchronization can be modeled using Kuramoto’s
parameter. They found small traveling waves through the
system support that lock the phase difference among all
metronomes and they model the connections in terms of a
Van der Pol oscillator. Aragonès and Guasch [6] presented a
theoretical analysis of path propagation in a set of systems
with similar structures. Woodhouse [7] and Langley et al.
[8, 9] introduced statistical energy analysis. They modeled
the system as a set of springs and represented it as a block
diagram. The diagram represented subsystems as blocks and
power flows as connections among subsystems. For the net
analysis, they assigned weight factors relating a coupling loss
factor to a total loss factor. Moreover, they dealt with the
net analysis including a probabilistic density function and
computed theweight factors as a statistical ratio.They defined
the length of a particular link as a random variable, and they
defined this function as a mean function plus a function of
the standard deviation. A similar approach was presented by
Llerena-Aguilar et al. [10]. They reported a hybrid method
for the analysis of wave propagation and synchronization
of a Wireless Acoustic Sensor (microphones) Networks. The
problem they solved is the inverse of what we are trying
to understand. In fact, they studied the desynchronization.
The phenomenon is caused by two factors, namely, the clock
phase offset of each sensor and the propagation delay due to
the distance between them. These factors are critical in the
selection of the processing algorithm. The classical solution
was the implementation of clock synchronization protocols.
The phenomenon is simulated assuming that the source
signals are received by an array of sensors. Then, the signals
are combined adding a Gaussian noise and convoluting
the signal with an impulse function for each sensor. They
discretized the signal using the Short TimeFourier Transform
and they aligned the mixture of signals using the cross-
correlation and the Log Energy Cross-Correlation functions.
Ray et al. [11] investigated the Noise Induced Synchroniza-
tion in two identical time delay systems. They compared
numerical results with experimental data and they analyzed
the effect of white, green, and red noises. Messina and
Vittal [12] reported a method for analyzing dynamic patterns
from measurements. They applied the Hilbert transform and
proper orthogonal analysis technique.This technique is based
on the relation of the energy and phase embedded into the
mode function. Rosenblum and Pikovsky [13] presented a
method for detectingweak couplings between two oscillators.
If two oscillators areweakly coupled, they assume that the two
signals contain enough data from the weak interaction. The
relationship in a driven-response from noisy data could be
unreliable and the interpretation is difficult. They discussed
the effect of noise as follows: “in case of perfect synchrony,
we are not able to separate the effect of interaction from

the internal dynamics of autonomous systems. In order to
obtain the information on the direction of coupling we need
to observe deviations from the synchrony, either due to
noise or due to onset of quasiperiodic dynamics outside
the synchronization region.” They propose a method for
determining the direction of the coupling and they quantified
the cross-dependencies of the phase dynamics.They illustrate
their method with two coupled Van der Pol oscillators.

Friedrich et al. [14] presented an approach for the study of
complex systems using stochastic methods. Complex systems
can be traced back to rather simple laws because of the
existence of self-organized processes. While the analysis of
nonlinear dynamics is traditionally conducted using time
series, complex systems show stochastic data in time and
length scales. It is clear that the synchronization of complex
systems is a function of time and space. In Friedrich’s work,
the dynamic model is represented as a Langevin equation
withwhite noise. Since the dynamicmodel can be represented
as a deterministic set of nonlinear differential equations, they
added a stochastic term with white noise. They considered
a Gaussian distribution for time propagation as a Markov
process. A model for self-similarity was included, meaning
that at a certain time two elements should have the same
statistics. In a previous work, Ghasemi et al. [15] presented
the steps below for developing the stochastic equation. First,
review if the data follow a Markov chain. Then, estimate the
Markov time scale, which is the minimum time interval for
a Markov process. For this analysis, it is necessary to use a
joint probability density function.This can be simplified with
the Chapman-Kolmogorov equation, which is the probability
of having two similar distributions in a time interval. Then,
they derived the stochastic equation and a regeneration of
the stochastic process. They applied the method to heart
beat signals. In complementary analyses, Siefert et al. [16]
and Shirazi et al. [17] classified complex systems as networks
with fluctuating stochastic processes. For this problem, they
y represented spatial networks of complex dynamics in phase
space. They proposed a method for mapping a stochastic
process onto a complex network. As for recurrence plots,
they determined the Markov time scale, and they based their
analysis on the Markov process.

Marwan et al. [18] presented a review of recurrence plots
applied to dynamic systems. Recurrence is one of the basic
properties of dynamic systems and the recurrence plots can
help visualize dynamic system behavior. They described the
use of recurrence plots for identifying synchronization in
the sense that two systems synchronize if their recurrence in
phase space is linearly dependent. In anotherwork,Donner et
al. [19, 20] studied the dynamics of complex systems using the
recurrence concept and network theory. They demonstrated
that exploiting the duality of the recurrence matrix and
the adjacent matrix of a complex network improved the
determination of quantitative characteristics of recurrence
networks. They divided them into three types of recurrence
networks, that is, local, intermediate, and global. All their
results were obtained from simulations.

Other researchers have applied different techniques to
identify synchronization. Huo et al. [21] analyzed the syn-
chronization of a couple of calciumoscillators.Theyproposed
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a mathematical model based on a set of nonlinear first-order
differential equations. They found synchronization through
the analysis of phase diagrams. Kim and Lim [22] worked
on burst and spike synchronization of neurons.Their interest
was aroused by the analysis of electroencephalogram (EEG)
data. Researchers believed that synchronization of neuron
activities could help in understanding sensory and cognitive
processes. From an engineering point of view, it can be
understood as periods of high frequency impulse generation
and periods of no impulse generation. Xu et al. [23] and
Rosário et al. [24] described motif synchronization. They
studied temporal and spatial synchronization from EEGs
and applied time-varying graphs, static network, and motif
synchronization.Motif synchronization is a sequence of small
patterns in a particular order of occurrence. With three first-
order differential equations, they simulated the propagation
of an external stimulus in time and space.

Childs and Strogatz [25] analyzed a periodically forced
Kuramoto model. They defined a rich dynamic system when
it has a strong interconnection among randomness, force,
and coupling. Randomness is associated with variations in
the natural frequencies; this concept is important because
it determines the desynchronization of the oscillators. The
coupling is related to the oscillator’s phase and the force to
the external excitation. Thus, the system synchronizes and
desynchronizes depending on the relative magnitude of these
three effects. Another important concept described by Childs
and Strogatz is that a subset of the oscillators is “phase-
locked” to the force drive, whereas the rest of the oscillators
are on the tails of the frequency distribution outside of
synchronization. Their method is applied to a set of Van
der Pol oscillators and they proposed that the oscillators
are sinusoidal coupling; in our case it is assumed that the
coupling has a very low frequency compared to the natural
frequency and the amplitude is low.

The objective of the present paper is to determine, using
experimental data, if there is a way to identify the background
effects that enable synchronization in complex systems and
coupling. It is assumed that a coupling source exists and is
the cause that synchronizes all the elements. The difficulty
of identifying this coupling source rests on the fact that its
dynamic response is of low frequency and low amplitude.
First, different techniques that describe synchronization are
applied; then, data evolution is analyzed in order to determine
if there is a very slow dynamic behavior. The results show
that synchronization is easily identified, but the source of
synchronization is not; the reason is its low energy con-
tent and its larger fundamental frequency. Direct FFT, or
other traditional dynamic analysis techniques, is unable to
process this type of dynamics. The background modes are,
however, responsible for internal interaction, communica-
tion, and energy transfer between the natural frequencies
of the foreground components. The background vibrations
are transmitted through somewhat undefined neighboring
linkages at very low frequencies, whichmay be orders ofmag-
nitude lower than the natural frequencies of the foreground
element.

Figure 1: Test rotor with 24 blades.

Figure 2: Experimental setup and laser vibrometer used for calibra-
tion.

2. Experimental Setup

The experimental setup consisted of a stationary rotor with
24 blades. In order to reduce the number of variables, the
blades were built with a rectangular cross section, as shown
in Figure 1, and they were mounted with the thin side of
the blade facing the front. At the tip of each blade, a MEMS
accelerometer was mounted; data from 22 accelerometers
were recorded. These accelerometers were double-axis Ana-
log Devices ADXL321 type with a sensitivity of 10 g. Their
masses were small enough so they had a negligible contribu-
tion to the natural frequency of the blades. A laser Doppler
vibrometer, similar to that used by Oberholster and Heyns
[26], was used to calibrate the individual accelerometers that
were mounted on each blade. Figure 2 shows the experimen-
tal setup and the laser vibrometer used for calibration. The
accelerometers were connected to a data acquisition system,
and the data were recorded simultaneously.

The rotor was tested under two types of loads, namely,
an impact and an airflow test [27]. For the impact test, a
calibrated hammer was used to hit the center of the rotor and
all the blades vibrated simultaneously. Data were collected
for 1.6 s at a sampling rate of 5000Hz. The airflow test
consisted of blowing air through a duct producing an airflow
perpendicular to the blades. The flow velocity was kept
constant and accelerometer data were recorded continuously
over a time interval of 2 s at a sampling rate of 1 kHz. There
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Table 1: Starting times for ten data recording events with airflow.

Event Starting time
A 10:31 AM
B 10:43 AM
C 10:54 AM
D 11:06 AM
E 11:18 AM
F 11:29 AM
G 11:41 AM
H 11:52 AM
I 12:04 PM
J 12:16 PM
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Figure 3: Fourier spectrum, impact test.

were ten recordings intervals, called events (Table 1). Event A
started when the airflow was switched on.

3. Data Analysis

The natural frequencies of each blade were determined with
an impact test. Figure 3 shows the Fourier spectrum of
blade 1. It is clear that there are two dominant peaks related
to the foreground components, 120.9Hz corresponding to
the natural frequency of the blade and 59.9Hz to the rotor
structure.

The blades were found to have almost the same natural
frequency between 121 and 122Hz. Since the present analysis
is focused ondetermining the state of synchronization, for the
airflow experiments each blade response was filtered around
120Hz. Figure 4 shows the frequency spectrum of the airflow
test corresponding to event A. In this way, only the natural
dynamic response of the blades was included in the analysis.
Filtering is an important step since other vibration sources
hide synchronization, and the lock to the driven force is
minimized [25]. It was found that the analysis techniques are
very sensitive to external sources of vibration. The analysis
presented in this paper is centered on the difference between
each foreground element; therefore, if there is a strong source
of vibration, every accelerometer will measure the same
value and the contribution of the interaction between the
background components will disappear.
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Figure 4: Fourier spectrum with air flow: blade 1, event A.
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Figure 5: Correlation map for the impact test.

4. Correlation Coefficient

The correlation coefficient is a method that calculates the
angle between two vectors. This coefficient calculates the
inner product of the data vectors and measures the linear
dependency of two signals. Although it differs from the phase
angle, it gives a good estimation of the synchronization of
two signals. Applying the Pearson correlation coefficient to
the 22 data vectors a symmetric 22 by 22 matrix is obtained.
Unfortunately, since this parameter measures the overall
phase angle, it cannot identify the internal interaction that
brings the elements into synchronization.

The correlation coefficient for the impact test is displayed
in Figure 5. This figure presents a pattern that is intrinsic to
the actual structure. Ideally, this figure must have the same
values except at the diagonal, but the differences correspond
to deviations in the construction of each blade. This figure is
the characteristic signature of the structure.

Every map showed a similar pattern to the impact test.
This pattern is associated with the rotor structure; it is a
signature of the system and appears regardless of the analysis.
As a result, the correlations between blade 5 and blades 13
and 16 are greater than 0.5 in every map. Similarly, blade
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Figure 6: Magnitude of the correlation matrix as a function of real
time.

10 has a strong correlation with blade 20. The rest of the
blades have oscillatory values for the entire test. From these
maps, it is difficult to define a function that describes these
oscillations, since they vary in time and position within
the matrix. Therefore, the magnitude of each matrix was
evaluated. Figure 6 shows the variations of the accumulated
value as a function of time:

sum = 22∑
𝑗

22

∑
𝑖

𝜌𝑖𝑗. (1)

It can be seen that after event C there is little variation.
The correlation factor is unable to identify synchroniza-

tion, and to overcome this the data were analyzed as indicated
next.

5. Kuramoto Parameter

The Kuramoto model describes analytically the phase transi-
tion of a set of oscillators into a mutual synchronization and
determines a threshold at which the oscillators are coupled
[25]. The Kuramoto parameter measures the instantaneous
phase angle of several signals. It is based on the analysis
of the synchronization of a set of oscillators moving at a
similar frequency but with a variable phase. This parameter
was used to determine the amount of synchronization among
the blades. The instantaneous phase angle was determined
using the Hilbert transform. This is given by

𝑥 (𝑡) = 𝐻 [𝑥 (𝑡)] = ∫∞
−∞

𝑥 (𝑢)
𝜋 (𝑡 − 𝑢)𝑑𝑢, (2)

where 𝑥(𝑡) and 𝑥(𝑡), both, are real-valued time domain
signals.

From the Hilbert transform, a complex vector is defined
as

𝑧 (𝑡) = 𝑥 (𝑡) + 𝑖𝑥 (𝑡) . (3)

Thus, the instantaneous phase angle is calculated as

tan (𝜙 (𝑡)) = 𝑥 (𝑡)
𝑥 (𝑡) . (4)

After calculating the instantaneous phase among the
blades, the Kuramoto parameter was determined to be

𝑟 = 1
𝑛

𝑛∑
𝑗=1

𝑒𝑖𝜙𝑖(𝑡)

, (5)

where 𝜙𝑖(𝑡), 𝑖 = 1, . . . , 𝑛, represent the instantaneous phase
angle.

When the Kuramoto parameter is equal or close to 1,
all the oscillators move together. If it is equal or close
to zero, then the oscillators move independently and no
synchronization occurs. Since the actual data contain several
frequencies, theKuramoto parameterwill evaluate the contri-
bution of all frequencies, including the excitation frequency.
In general, this frequency will dominate over the rest; thus, it
was necessary to filter the response data around the natural
frequency. With this procedure, the Kuramoto parameter
was calculated at each event. To have an estimation of the
degree of synchronization, the histogram of the Kuramoto
parameter was calculated, and it was assumed that the blades
are synchronized if the majority of the computed values are
above 0.7. The Kuramoto parameter is a good indication of
synchronization. Nevertheless, it is unable to identify the
source of synchronization.

The result of analyzing the impact test is shown in
Figure 7.

In every event, most of the time the Kuramoto parameter
has a value around 0.7, indicating that the blades vibrate
synchronously. Nevertheless, it is difficult to identify the
source of synchronization from these plots.

6. Cross-Correlation Function

This technique of analysis consists of determining the cross-
correlation function between the blades. This function is
calculated between the acceleration data of one blade with
respect to the other 21 blades. It estimates the statistical
correlation between two signals at two different points in
space or time. It is a useful indicator of dependencies or
similarities in time of two signals. In addition, it can be used
to interpolate for values at instants for which there are no
observations. With this basis, the cross-correlation function
determines similarities among the data and disregards those
instances when the blades vibrate out of synchronization.

Mathematically, the cross-correlation function is defined
as

𝐶 (𝜏) = 𝑓 ∗ 𝑔 = ∫∞
−∞

𝑓∗ (𝑡) 𝑔 (𝑡 + 𝜏) 𝑑𝑡, (6)

where 𝜏 is defined as the lag.
Based on the elements of a rich dynamics, the internal

interaction between the background components occurs in
time and space; the cross-correlation function can be used to
produce maps in time and space; time is represented by the
lag order, being a normalized parameter that is proportional
to time, and the blade number represents space. At each event
interval, there are 22 maps. The maps are constructed by

𝐶 (𝑛, 𝜏)𝑗 = 𝑓𝑛 ∗ 𝑔𝑗 = ∫∞
−∞

𝑓∗ (𝑡)𝑛𝑔 (𝑡 + 𝜏)𝑗𝑑𝑡, (7)
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Figure 7: Variations of 𝑟 and the corresponding histogram, from the impact test, event B, and event I.

where 𝑛 is the reference blade and 𝑗 are the remaining 21
blades.

In this way, discrepancies among similar signals can be
identified in time and space. Since the function is symmetric,
only half of it is used in the analysis. With the construction
of these maps, it is possible to identify three independent
variables: a short time (lag order), a long time (defined in
Table 1 as event), and the space (relative position between
each blade and blade 1). Based on these three variables,
contour plots were produced for each measurement data.
Figure 8 shows the contour map of the impact test with
respect to blade 1. The horizontal axis is the blade number
𝑗 in (7), the vertical axis is the lag order (𝜏), and the contour
plot represents the magnitude of C.

As in the correlation factor, there are three dominant
regions or clusters (vertical strips) at blades 6, 14, and 22.
From the contour plots, it is easily noticed that the correlation
amplitude increases linearly with respect to lag. Nevertheless,
there are variations at certain blades.

After analyzing the impact test, the cross-correlation
functions of the ten airflow measurements were calculated.
These calculations produced 10 × 22 maps where it is possible
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Figure 8: Correlation function map for the lag order as a function
of blade number, corresponding to the impact test. The correlation
is computed with respect to blade 1 (𝑛 = 1).

to see variations in time and space. As an illustration, the
ten maps corresponding to blade 1 (𝑛 = 1) are presented in
Figure 9.

The maps show three different variations, the maximum
correlation value, the density of contour plots, and the
location of the maxima. This suggests that synchronization
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Figure 10: Variations of the maximum correlation as a function of
the blade location for different events.

varies in time and space. Determining these variations is
not straightforward, and for that reason the four different
analyses were conducted. The first consisted of evaluating
the variation of the maximum correlation value. Figure 10
shows the blade number where the maximum correlation
value occurred, each curve corresponding to an event. Most
of the maximum values occur at the same blade location
and they evolve following the same pattern, except for
blade 10. Figure 11 shows the evolution of the maximum
correlation of blades 6, 10, and 19. The maximum has an
incremental tendency as the test time increases, whereas the
maximum correlation of blade 10 decreases. After comparing
these figures, it seems that the internal interaction of the
background components starts at blade 10 and propagates to
the adjacent elements.

7. Recurrence Plots

Another technique of analysis that can identify synchroniza-
tion is the recurrence plot. Recurrence is a concept related
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Figure 11: Variations of the maximum amplitude as a function of
time (all events), blade number 6.

to “memory,” if the behavior of a system can be predicted;
it means that the system returns to a former state. Poincaré
proposed the original concept, and Eckmann introduced
the concept of recurrence plots. In general, from Hamilton’s
principle, the trajectory along the phase space depends on
the velocity and the displacement. The phase space of a
simple harmonic has the shape of a helix along the time axis
direction. According to Marwan et al. [18], the recurrence
plot determines the evolution of the system and finds the
number of times that a signal passes through the same point
in the phase diagram. If two signals are synchronized, their
phase diagrams would be identical. The recurrence plot is
a graphical representation of a matrix formed with all the
recurrence values. A pure harmonic system shows evenly
spaced diagonals. However, for nonharmonic systems, the
shorter the diagonals themore chaotic the system.Marwan et
al. probed the theory using the Poincaré recurrence theorem.
Nevertheless, the theorem is insufficient for predicting the
time for a system to return, that is, the recurrence. The
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Figure 12: (a) Mean value of the reference vector; (b) standard deviation.

determination of the time interval has similar properties
to the Markov process, and it is related to the Lyapunov
exponents and entropies. What they presented is a way of
analyzing the length of the diagonals. One of the challenges
of this method is the determination of the appropriate time
interval, which is the difference between an orbit and the
following orbit. The phase trajectory is represented as an
evolving path; thus, the time evolution is the derivative of
the trajectory with respect to time. In their work, the authors
proposed a method to reconstruct the phase space from
discrete data with a time delay factor. In practice, this is
feasible only when the system response has a single dominant
frequency; otherwise, it is necessary to use other techniques
to reconstruct the third coordinate. To calculate the matrix,
they recommended the use of the maximum norm. Since the
recurrence plot is determined from the difference between a
point 𝑥𝑖 and the subsequent point 𝑥𝑖+1 on the phase space,
they proposed the use of a tolerance error for computing this
difference.

In this work, it was found that the construction of the
phase diagram frommeasurement data is cumbersome. Since
the data are the acceleration of each blade, they have to be
integrated numerically in order to obtain speed and position.

In order to analyze the synchronization between two
signals, the data from the two vectors are analyzed at the same
time span, the two phase diagrams are superimposed, and the
distance between every point is calculated. In this way, the
recurrence plot is constructed using the equation

𝑟𝑖𝑗 = √(𝑝𝑖 − 𝑝𝑗)2 + (V𝑖 − V𝑗)2. (8)

Vectors 𝑝𝑖 and V𝑖 are normalized using the maximum
value for each case. Ideally, the value of 𝑟𝑖𝑗 should be zero,
but in reality it is impossible. The criterion for determining
synchronization is that 𝑟𝑖𝑗 < 𝜀, where 𝜀 is a tolerance value.

As in previous analyses, the first plot corresponds to the
impact test. Then, each event is analyzed. Figure 12 shows the
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time.

recurrence plot of the mean and the standard deviation. The
mean value is calculated taking each vector as a reference,
starting with blade 1 and finishing with blade 22. In this way,
a 22 × 22 matrix is obtained:

𝑅 (𝑛,𝑚) = 𝑟𝑖𝑗, (9)

where 𝑛 is the reference vector and 𝑚 is the corresponding
vector, 𝑖 is the instantaneous value of vector 𝑛, and 𝑗 is the
instantaneous value of vector𝑚.

It is interesting to notice that the structure of the plots
is different. With this analysis, the impact test produces a
plot that has a different structure than the other data. In the
entire airflow test, the dominant values correspond to blades
6, 14, and 21. Data create clusters around these blades, and
the cluster pattern appears in every map, except during the
impact test. Nevertheless, the pattern shows variation in every
event. These variations are associated with the slow dynamic
behavior that is a manifestation of the internal interaction
between the background components.

In order to determine the slow dynamic behavior, the sum
of individual values is calculated as

𝑆 = 22∑
𝑚

22∑
𝑛

𝑅𝑛𝑚. (10)

This number reflects the amount of synchronization at
each event. Ideally, it should be zero, but since there are
variations in the individual phase diagrams, it reflects the
overall dynamic behavior. Figure 13 shows the variations of
𝑆 as a function of time.

This figure shows a slow cycle with a period of about
36 to 40min. Therefore, the internal interaction between
background components has a frequency of 3.8 × 10−4Hz.
With this analysis, it was possible to estimate the time
variation due to the internal interaction. This depends on
time and location; the time variationswere identifiedwith the
recurrence plot and the location with the cross-correlation
function.

8. Conclusions

In this paper, the study of the synchronization of a rotor with
24 blades is presented. 22 acceleration vectors were registered
simultaneously, and the rotor was subjected to two types of
tests: an impact test and an airflow test. Data were recorded
at ten different events, separated by long intervals of time.

The measurement and analysis of field data present
different challenges; the length of the data is limited by the
data acquisition system, and therefore it is impossible to
record continuously the acceleration of each blade over a
long period of time. The other challenge is the waveform of
the internal interaction; in general, the internal interactions
have a very low energy content and very low frequency. The
accelerometers are unable to identify these waveforms; thus
there is a need for other techniques of analysis that are able to
identify this behavior.

Synchronization can be easily identified with the corre-
lation coefficient or with the Kuramoto parameter. It was
demonstrated that these techniques show synchronization
among the foreground components, but they were unable
to establish the internal interaction between the background
components, neither in time nor in space. In order to
overcome this limitation, the data were analyzed with the
cross-correlation function and the recurrence plot.

With the cross-correlation function, the data were pro-
cessed in a way that variations in time and space were
represented as contour maps. These contour maps were
constructed with the local time variable, the data source
(the blade number), and the long waveform (the ten events).
With the cross-correlation function, the source of the internal
interaction was identified. The criterion for identifying the
source was the discrepancy of the behavior of blades 6 and
19 with respect to the rest of the data. These blades showed
greater correlations at early events than the rest of the blades
that evolved following a similar pattern.

The recurrence plot was the technique that allowed the
analysis of the time evolution. This was constructed from
the phase diagrams of the blades. Taking the difference
of the phase diagrams among the blades it was possible
to determine the amount of synchronization. With these
differences, the evolution of the mean value during the
ten events was evaluated. The evolution in time showed a
very slow dynamic pattern with a very low frequency. This
frequency is associatedwith the time variation due to internal
interaction among background components.

It has been shown that it is possible to identify the
dynamics of internal interaction in complex systems. This
interaction has a very low frequency and energy content;
therefore, special analysis should be done. The correlation
enables identifying the structure of the system and the evolu-
tion of synchronization; Kuramoto’s parameter estimates the
amount of synchronization. The cross-correlation function
allows identifying the location of the source, whereas the
recurrence plot identifies the time variations. These analysis
techniques provide some insight into the coupling source if
they are applied together.
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characterization of synchronous vibrations of blades,” in Inpro-
ceedings of the ASME Turbo Expo 2011, paper GT2011-46105,
paper GT2011-46105, Vancouver, Canada, 2011.


